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ABSTRACT 
Polychlorinated biphenyls (PCBs) and mercury (Hg) are the largest contributors to fish 
consumption advisories necessitating accurate bioaccumulation models be developed that 
can predict fish exposures to both contaminants. The aim of this thesis was to improve 
our understanding of Hg and PCBs dynamics in fish and explore common 
bioaccumulation model approaches that could be applied to both contaminants. In 
Chapter 2, I established the link between fish metabolic rate and Hg elimination as has 
been established for PCBs. Chapter 2 demonstrates that fish thermal category improves 
predictive algorithms of Hg elimination by fish over models that only include water 
temperature and body size. However, attempts to add species specific metabolic rate by 
incorporating the Wisconsin Fish Bioenergetic model did not improve the model. Chapter 
3 calibrated a similar empirical bioaccumulation model to Hg and PCBs across 14 fish 
populations consisting of 5 fish species. Body size was a common predictor of fish 
contamination for the two pollutants followed by lesser but similar relative importance 
rankings for tissue specific growth and age. PCBs had stronger negative association with 
tissue lipid contents while Hg exhibited a more consistent relationship to changes in 
trophic status as fish age. Finally, Chapter 3 demonstrates that the stability of empirical 
PCB bioaccumulation models across ecological scales was greater compared to Hg, 
which is opposite to the bioaccumulation literature orientation whereby Hg is most 
commonly modelled using empirical models while PCBs are most commonly modeled by 
mechanistic toxicokinetic approaches. 
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CHAPTER 1 
General Introduction 
1.1 Background information 
Polychlorinated biphenyls (PCBs) and mercury (Hg) have gained attention worldwide 
owing to the fish consumption restrictions issued throughout North America and globally 
on the basis of the wide spread presence of these contaminants in edible fish tissues 
(Oken et al. 2003; Mozaffarian and Rimm, 2006). Both contaminants were widely used in 
industrial applications leading to their release to the environment (Morel et al. 1998; 
Boening, 2000; Mullin et al. 1984) and are now subject to international treaties to 
regulate their emissions. PCBs were banned in North America in the 1970s and 
designated for virtual elimination via the Stockholm Convention on POPs compounds 
signed in 2002 (Muir et al, 2006). Hg emissions are being curtailed on a global basis 
through the international Minamata Convention signed by more than 120 countries in 
2013 (US EPA, 2018). 
Despite current day source controls of these pollutants, PCBs and Hg are still among the 
most prevalent contributors to fish consumption advisories issued by government 
agencies in North America and globally (Oken et al. 2003; Mozaffarian and Rimm, 
2006). However, most studies examining bioaccumulation of these contaminants tend to 
focus on one chemical or the other, not both.  This is largely because the two chemicals 
are characterized analytically by different technologies, commonly leading to 
specialization of ecotoxicologists and bioaccumulation modelers in separate areas of 
organic environmental chemistry or the ecotoxicology of metals. 
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Given that PCBs and Hg are the most significant contributors to government issued 
consumption advisories, there is a need to develop accurate bioaccumulation models that 
can predict fish exposures to both contaminants simultaneously. Gandhi et al (2017) 
suggested that because both Hg and PCBs cause similar neurological effects in humans 
during early lifestages, that risk assessments of these two pollutants should consider 
additive toxicity as opposed to the more conventional approach of estimating human risks 
on a chemical by chemical basis. Achieving harmonized bioaccumulation models for 
both PCBs and Hg would therefore help facilitate multi-chemical risk-based management 
approaches. 
1.2 Polychlorinated biphenyls (PCBs) 
PCBs were widely used in the 1950s and 1960s, as dielectric fluids in transformers and 
capacitors, heat transfer and hydraulic fluids, and as plasticizers in paints, flame 
retardants, pesticide extenders (Bench, 2003). They comprise a group of 209 theoretical 
congeners that are slowly degraded, chemically stable and have high hydrophobicities 
(Wang, 2015). These pollutants are globally distributed and undergo pronounced food 
web biomagnification (Zhang et al, 2012; Russell et al, 1995). Environmental residues of 
PCBs are usually limited to about 60 to 90 congeners that dominated commercial 
technical mixtures and which have proved to be more resistant to weathering and 
environmental degradation post source abatement.  
PCBs accumulate primarily in abiotic organic phases of the environment such as soils and 
sediment and in the lipid content of organisms (Eisenreich et al, 1979; Drouillard et al, 
2004). By convention in risk assessments, PCB concentrations are expressed as the sum 
of PCB congeners measured in a given sample which is compared to toxicological 
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benchmark values.  However, this convention has some issues because individual PCB 
congeners vary in their physical properties, environmental persistence, bioaccumulation 
potentials and toxicities. In general, more chlorinated PCBs achieve higher chemical 
hydrophobicity and higher bioaccumulation potentials (Thomann, 1989) while PCBs that 
are non-ortho- and mono-ortho in their chlorine substitution patterns tend to exhibit 
higher toxicity (Wells et al, 1992). 
1.3 Mercury (Hg) 
The most important anthropogenic sources of Hg pollution to the environment are urban 
discharges, agricultural material, mining, coal combustion and industrial discharges 
(Cheng et al, 2011). Hg exists in the environment as elemental, inorganic Hg and organic 
Hg (methylmercury (MeHg)) forms. Although the geochemical cycling of Hg is quite 
complex, it is largely methyl mercury that is bioaccumulated by fish and contributes to 
the need for government issued fish consumption warnings. Mercury methylation occurs 
mostly in aquatic environments by anaerobic microbial activity (Bisogni et al, 1975). 
Thus, lakes receive mercury from multiple sources and in different chemical forms from 
wet and dry atmospheric deposition, contributions from the watershed and direct 
industrial discharges. A fraction of the mercury loadings to the system are subsequently 
converted to methylmercury, which can enter the base of the food web. Mercury 
bioavailability has shown to be dependent in part on water pH and presence of humic 
substances (Haitzer et al, 2003) which specifies the mercury methylation potential. Once 
MeHg enters the food web, it biomagnifies across trophic levels and increases in 
concentration with fish body size (Painter et al, 2016). Unlike PCBs, methyl-mercury is 
found primarily within the protein of organisms bound to sulfur-rich amino acid groups, 
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such as cysteine, and is virtually absent in tissue lipids (Stohs and Bagchi, 1995). By 
convention, mercury concentrations are typically expressed as total Hg and include 
inorganic and organic forms. However, in most circumstances, the total Hg concentration 
in fish is dominated by MeHg, ranging from 80 to >99% in piscivores, and between 30% 
and 70% in benthivorous fish (Boudou et al, 1996; Regine et al, 2006). 
1.4 Bioaccumulation of Hg and PCBs 
Bioaccumulation occurs when the rate of chemical uptake in an organism exceeds the rate 
of whole body elimination of the chemical (Thomann, 1981; Arnot and Gobas, 2003). 
Under this condition, the organism will achieve higher tissue concentrations for the 
contaminant compared to the medium to which it is exposed. Given that PCB and Hg 
toxicokinetics appear to exhibit first order behavior (Paterson et al. 2010; Li et al. 2015), 
the elimination flux for both chemicals scales as a function of increasing body burden 
until steady state is achieved whereupon the net uptake of chemical approaches zero. 
Classically, most bioaccumulation models assume steady state has been achieved partly 
because steady state models have much fewer parameters to include compared to time-
dependent models and are easier to solve mathematically. Yet empirical evidence is 
growing, which indicates that steady state bioaccumulation of PCBs or Hg is often 
unlikely in larger fish species given that concentrations are often age dependent (Burtnyk 
et al, 2009; Gutenmann et al, 1992). Indeed, most fish consumption advisories provide 
separate advice information for different size classes of a given fish species, which 
supports non-steady state bioaccumulation dynamics. 
There are a few commonalities among the general bioaccumulation characteristics for Hg 
and PCBs beyond the two pollutants achieving food web biomagnification and exhibiting 
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non-steady state bioaccumulation (Li et al. 2015). The potential uptake sources of Hg and 
PCBs consist of aqueous uptake of chemical across the gills or skin and dietary uptake 
via the gastrointestinal tract. It has been previously reported that food is the dominant 
pathway for MeHg (Hall et al. 1997) and also for highly hydrophobic PCBs (log KOW>5) 
in fish (Fisk et al. 1998). Given that food is the most important exposure pathway for the 
two contaminants, the food consumption rate is a common bioaccumulation parameter 
that influences both pollutant uptake rates, which ultimately scales to organism metabolic 
rate. The dietary assimilation efficiency of the chemical represents the fraction of 
ingested chemical that is assimilated by the GI tract during food digestion and 
assimilation. In practice dietary assimilation efficiencies are measured during the initial 
exposure of an animal to a chemical in order to determine the maximum assimilation as 
opposed to lower values of net assimilation, which balances both assimilation and 
animal/fecal depuration processes during later stages of bioaccumulation. MeHg has a 
consistently very high assimilation efficiency from food (Pickhardt et al, 2006) while 
PCB assimilation is more variable, ranging from 30% to >90% depending on the species 
and nature of the diet matrix (Liu et al. 2010). The higher assimilation efficiency of 
MeHg compared to PCBs was interpreted to be a major reason for higher 
biomagnification potentials of Hg in fish (Li et al. 2015). Higher variation in dietary PCB 
assimilation efficiency across different diets relative to a more consistent mercury 
assimilation could also generate differences in the bioaccumulation uptake rates 
experienced by fish for the two pollutants (Li et al. 2018). 
Chemical elimination pathways include (among others) loss across respiratory surfaces, 
loss via urine, feces, mucous, protein/lipid excretion (e.g. via reproductive output, 
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sloughing of cells, scales or excretions), metabolic biotransformation and pseudo-
elimination due to growth dilution (Sijm, 1992; Trudel and Rasmussen, 2001). 
Biotransformation of Hg and PCBs by fish is usually not considered because there is little 
evidence for biotransformation of MeHg by fish (Burrows and Krenkel, 1973) and 
biotransformation of PCB by fish is negligible relative to passive whole body elimination 
mechanisms (Muir et al.1988; Paterson et al. 2010). Among other elimination pathways, 
Paterson et al. (2010) found that loss through gills was a major elimination pathway for 
PCBs, while some studies suggest that feces play a dominant role for the more 
hydrophobic congeners (Gobas et al. 1988). PCB elimination is understood to be largely 
due to passive diffusion processes and is dependent on the difference in partition 
capacities between the animal and the media to which it is eliminating (water or feces for 
fish) and the gill ventilation/fecal egestion rates of the fish. The partition capacity 
differences in the animal/media are a function of the whole body lipid content of the 
animal, while the gill ventilation and fecal egestion rates are functions of the fish's 
metabolic rate and food consumption rate. Thus, like PCB uptake, the elimination of 
PCBs by fish is partly scaled to its metabolic rate.  
Much less information is available concerning the mechanisms by which Hg is lost from 
fish. Trudel and Rasmussen (1997) concluded that the elimination rates of inorganic Hg 
and MeHg were negatively related to the duration of the experiment, inversely dependent 
on fish body size and positively related to water temperatures. Inorganic Hg is eliminated 
much faster, by approximately 3 fold, compared to MeHg (Trudel and Rasmussen, 1997). 
It has also been suggested that mercury elimination occurs differentially from fast and 
slow tissue compartments as influenced by the exposure duration, ratio of inorganic to 
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organic species in fish tissues, and possibly the mode of fish exposures (Trudel and 
Rasmussen, 1997). However, under normal field conditions, fish are generally exposed to 
Hg chronically (i.e. throughout their lifetime), are primarily exposed to methyl mercury 
via their food, and exhibit little capacity for within tissue mercury demethylation making 
many of the complications noted above artifacts of the experimental design of Hg 
elimination studies. Li et al. (2015), using more natural dosing conditions developed by 
feeding fish food made from contaminated fish tissues, determined that Hg elimination by 
goldfish was temperature dependent and conformed to first order kinetics. This implies 
that mercury elimination, like PCBs could be scaled to the fish metabolic rate.  
The most notable difference in the toxicokinetics and bioaccumulation of PCBs and Hg is 
their differences in tissue distribution.  PCBs are found almost exclusively in the lipids of 
animals (Drouillard et al. 2004) while Hg becomes bound to cysteine- and other sulfur 
rich proteins. Thus, assuming first order elimination predominates for the two pollutants 
as earlier suggested, the chemical activity of each contaminant will differ depending on 
the tissue composition of the organism.  Chemical activities of PCBs, their propensity to 
eliminate are best determined by expressing concentrations on a lipid normalized or lipid 
equivalent basis (Bergen et al, 2001). Chemical activities of Hg in an organism are more 
likely to be described by expressing concentrations on a lean dry protein basis (Li et al, 
2018).  This is because neither Hg or PCBs are present in water of animal tissues, while 
PCBs are largely absent from lean dry protein and Hg is largely absent from lipids 
(Drouillard et al. 2004; Stohs and Bagchi, 1995)  
Both pollutants are subject to growth dilution. However, because the two chemicals are 
associated with different tissues, growth dilution can vary depending on the tissue 
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composition represented through active growth.  In general, growth of protein scales 
closely with whole body growth given that protein consists of nearly 65% of the dry 
weight of the animal (Naeem et al, 2016). In contrast, lipids are present in much lower 
abundance compared to protein in animal tissues and are generally more variable in the 
whole body lipid pool size.  This is because lipids are used by organisms as energy 
reserves that can become depleted during times of energetic stress and reproduction or 
rapidly expanded during punctuated periods of high food availability and rapid growth 
(Overturf et al. 2016). Give that lipid growth and lipid composition of organisms is much 
more variable in time compared to protein, it is expected that Hg bioaccumulation will be 
more strongly related to whole body and lean dry protein growth compared to PCBs.  
Growth is also closely related to animal feeding rates, which further specifies the 
exposure rate of fish to the two pollutants. Therefore, not only is the absolute measure of 
growth important, but also the growth efficiency of an animal, which is specified by the 
growth of a given tissue or whole body divided by the total calories consumed by that 
animal. Fish could presumably exhibit high growth but poor growth efficiency yielding 
lower growth dilution effects because chemical exposure rates remain high despite 
achieving high absolute growth. This decoupling can lead to discordance in the 
relationships between chemical bioaccumulation and growth. Some studies suggested that 
there were positive correlations between bioaccumulation of chemicals and fish growth 
rate (Dutton, 1997; Karimi et al. 2007), whereas other studies indicated that there is a 
negative correlation (Stow and Carpenter 1994; Doyon et al. 1998; Essington and Houser 
2003; Simoneau et al. 2005).  
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1.5 Fish species background information 
The fish species involved in Chapter 3 includes: Lake trout, Yellow perch, Bluegill, 
Silver carp and Bighead carp. According to the study that was published by Dolson, 
littoral food resources comprised 11% which is lower than 24% of lake trout diet in 
reticulate and circular lakes, respectively (Dolson et al. 2009). Lake trout preferred 
optimum temperatures is approximately 10+/- 2 ℃ (O’Connor et al. 1981). Adult lake 
trout habitat has the median avoidance DO threshold of 4.2mg/L based on previous study 
(Evans et al. 1991). Young lake trout feed initially on zooplankton, but as they grow, lake 
trout are opportunistic feeders and will eat whatever prey is available, including alewife, 
smelt, zooplankton, insects etc. Yellow perch are commonly found in littoral zone of 
many lake systems. According to the report that was published by Fisheries Technology 
Associates, the optimal temperature for yellow perch fall in the range of 21 to 24 ℃. Also, 
yellow perch usually feed on the diet that consist of zooplankton, insects and other 
benthic organisms (Manci, 2000). As for Bluegill, it is recognized that the habitat prefer 
20%-60% cover within the littoral area. The optimum temperature for habitat is 27 ℃. 
Bluegill generally feed on zooplankton, as well as aquatic or terrestrial insects. As for 
Asian carp, Bighead carp usually feed on a wide range of zooplankton and small 
invertebrates. The maximum size can reached up to 40kg. Bighead carp can be found in 
many waterbodies for example, lakes with areas of slow current. Whereas Silver carp 
prefer habitat is the standing waters of river or lakes. Silver carp can also reach to 
maximum size up to 4kg. Compared to Bighead carp, Silver carp usually feed on 
phytoplankton with some small zooplankton.  
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Typically, littoral fish are exposed to higher and more variable temperatures and therefore 
are expected to have higher variation in uptake rates and elimination rates, which 
ultimately alter the bioaccumulation of chemicals in fish. Also, littoral benthic feeders 
exhibits more variable diets compared to pelagic fish. This can be expected to translate to 
higher variation in chemical bioaccumulation for these species and perhaps lower 
accuracy of empirical models. 
1.6 Thesis Objectives 
The aim of this thesis is to improve our understanding of the mechanisms of Hg and 
PCBs dynamics in fish and explore the application of a common empirical 
bioaccumulation model that can be applied to both sets of contaminants. Chapter 2 of this 
thesis focuses on establishing a stronger conceptual linkage between fish metabolic rate 
and Hg elimination rate. For PCBs, elimination is already understood to be strongly 
scaled with fish bioenergetics but the same linkage has not been explicitly made for Hg. 
Chapter 3 of this thesis attempts to calibrate a generalized empirical bioaccumulation 
model applied to PCBs and Hg in several populations of freshwater fish. The objective of 
this second study is to demonstrate whether or not a common bioaccumulation 
framework can be equally applied to both contaminants.  
The objectives and hypotheses for each data chapter are as follows. 
Chapter 2:  The main objective of this study is to investigate whether species specific Hg 
elimination models offer improved mercury elimination rate estimates over generic 
models that consider fish body size and water temperature. This study builds on an early 
publication by Trudel and Rasmussen (1997) that developed a Hg elimination model for 
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fish based on fish body size and temperature, which has been widely adopted in the 
mercury bioaccumulation modelling literature. However, the model generated above was 
species generic and did not take into consideration differences in temperature optima of 
different fish species and how this alters the metabolic rate/temperature interaction of 
fish. Chapter 2 explicitly tests whether mercury elimination models that factor in species 
specific differences in metabolic rate provide more accurate predictions of mercury 
elimination by fish.  
The hypotheses tested in Chapter two were: 
1) Mercury elimination models that consider fish thermal category will provide more 
accurate Hg elimination rate estimates compared to a species generic model.  
2) Mercury elimination models that adopt species optimizes bioenergetic sub-models 
will provide more accurate Hg elimination rate estimates compared to a species 
generic model. 
Chapter 3: Chapter 3 of this thesis calibrated a standardized empirical bioaccumulation 
model to predict Hg and PCB concentrations across 14 populations of freshwater fish. 
Fish data were obtained from published and non-published sources but each data set had 
in common that they contained data on chemical concentrations in multiple age classes of 
fish from the same lake system, body size, lipid content, moisture contents and nitrogen 
isotope composition. One objective of Chapter 3 was to determine if Hg and PCBs could 
both be predicted by similar empirically calibrated models and whether the two 
contaminants exhibited differences or similarities in the relative weight or importance of 
individual model parameters. A second objective of this chapter was to determine if the 
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structure of optimized empirical bioaccumulation models for PCBs and Hg remained 
consistent across different ecological scales.  
The hypotheses tested in Chapter 3 included: 
1) PCBs and Hg are predicted with similar accuracy by a common empirical 
bioaccumulation model framework 
2) The optimized PCB bioaccumulation model has similar weighting of model 
coefficients as the optimized Hg bioaccumulation model over a given scale of 
calibration 
3) Optimized PCB and Hg bioaccumulation models remain consistent when calibrated at 
different ecological scales (i.e. the model structure and relative weighting of 
parameters remains similar when it is calibrated at the population, intraspecific and 
interspecific scales). 
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CHAPTER 2 
Prediction of mercury elimination rate coefficients by fish is improved by incorporating 
temperature classification into predictive models. 
2.1 Introduction 
Mercury (Hg) is a global pollutant and the main cause of fish consumption restrictions in 
North America (Gandhi et al. 2016; Celia et al. 2016). Both the toxicity and 
bioaccumulation of mercury are dependent on its chemical form, with methylmercury 
generating the highest risk to humans (Driscoll et al., 2013; Eagles-Smith et al. 2018; 
Celia et al. 2016). In its methylated form, Hg also has high bioaccumulation potentials 
and undergoes food web biomagnification in aquatic ecosystems (Lavoie et al. 2013; 
Celia et al. 2016).  
Despite international efforts to control anthropogenic Hg emissions, as for example 
through the 2013 Minimata Convention, it is anticipated that there will be time lags 
between decreases in global Hg emissions and Hg bioaccumulation by fish (Celia et al. 
2016; Perlinger et al. 2018). This is due in part to the persistence and recycling of legacy 
Hg in ecosystems but also related to highly complex extrinsic and intrinsic factors that 
control Hg fate, speciation and bioaccumulation in ecosystems (Celia et al. 2016; Eagles-
Smith et al. 2018). Such complexities can make empirical fish contamination models 
restricted in their predictive capability to regional or specific lake populations (Simoneau 
et al. 2005; Lavoie et al. 2013; Li et al. 2018).  
Toxicokinetic models are process based bioaccumulation models that adopt mass balance 
and bioenergetic principles to estimate chemical uptake from diet, whole body 
elimination, and growth dilution to estimate fish contaminant concentrations (Norstrom et 
al. 1976; Trudel and Rasmussen, 2001; Li et al. 2015, 2018). Models of this type are 
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necessary to consider system specific and/or future perturbations in intrinsic ecosystem 
factors that could affect fish Hg bioaccumulation beyond decreases in sources and loads 
to a system. The most important toxicokinetic parameters in such models are the dietary 
assimilation efficiency and whole body elimination rate coefficient (Li et al. 2018). 
Methylmercury assimilation from food remains highly consistent between fish species 
and across diets often exceeding 90% (Li et al. 2015; Wang and Wong, 2003; Trudel and 
Rasmussen, 2006; Pickhardt et al. 2006; Wang et al. 2010). In contrast, mercury 
elimination by fish is less well understood and occurs through diffusive and 
biotransformation mechanisms including demethylation (Wang and Wang 2015; Wang et 
al. 2017). 
Trudel and Rasmussen (1997) developed an empirical algorithm to predict whole body 
mercury elimination by fish based on water temperature and body size and this model has 
been commonly used in the parameterization of fish toxicokinetic models applied to Hg 
(Li et al. 2018). However, the Trudel and Rasmussen model is species generic and 
ignores interspecific differences in temperature optima and the impact of this on fish 
metabolic rates. The objective of the present study was to investigate if adding species 
specific bioenergetic attributes improves the predictive capacity of the Trudel and 
Rasmussen Hg elimination model.   
2.2 Materials and Methods 
2.2.1 Data collection 
Long term whole body mercury elimination rates (methyl mercury) reported for 
individual fish species were obtained from Trudel and Rasmussen (1997). The data were 
supplemented with other data on whole body mercury elimination rate coefficients 
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published in the literature after the Trudel and Rasmussen paper was published. Only data 
on total Hg elimination or methyl mercury elimination were included. The completed 
database contained 96 experimental observations of Hg elimination by fish across 24 
species. For model training purposes, data were censored to include only fish species that 
are included in the Wisconsin Fish Bioenergetic 3.0 model allowing estimation of species 
specific respiration and routine metabolic rate. The truncated dataset contained 10 fish 
species and 67 experimental Hg elimination observations with fish body weights ranging 
from 0.9 g to 18,5000 g and trials conducted over water temperatures from 4oC to 25oC. 
The censored dataset is subsequently referred to as the training data set.  For selected 
models, the censored data (n=29 trials) were reserved for use as an independent 
validation dataset. Table 1 summarizes individual datapoints consisting of fish species, 
body weight (g), experimental water temperature (oC), depuration period duration (d) and 
whole body Hg elimination coefficient (d-1) used as the model training and validation 
data sets.  
2.2.2 Thermal classification, respiration and fish metabolic  rate 
Each fish species was classified into cold, cool or warm water thermal categories 
according to the criteria of Eaton (1996). Cold water fish were defined as those whose 
maximum temperature tolerance is 24.3oC or lower. Fish with maximum temperature 
tolerance exceeding 30.1oC were classified as warm water fish. Fish in between the two 
categories were classified as cool water fish. Thermal classification for each species 
included in the database are also designated in Table 1. 
The Wisconsin Fish Bioenergetic Model version 3.0 (Hansen et al., 1997) was used to 
predict respiration rate (R; kJ·g-1·d-1) and routine metabolic rate (RMR; kJ·g-1·d-1) for 
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each Hg elimination entry included in the training database. Respiration rates and RMR 
provide an estimate of the oxygen consumption rate (in energy equivalents) or total 
metabolic rate of fish under the experimental conditions of study and are governed by 
empirically calibrated species specific algorithms that factor in body weight (g) and water 
temperature (oC) as inputs. The Wisconsin Fish Bioenergetic Model applies three 
respiration algorithms and two types of excretion algorithms across the species included 
within it. The choice of algorithm used for a given species is restricted to the availability 
of species specific parameters included in the model appendices. When more than one set 
of parameters was available for different respiration algorithms for a given species, Eq. 
A2.1.3 (Appendix 2.1) was used. Appendix 2.1 provides a summary of the respiration 
algorithm equations, parameter term definitions and table of parameter values used for 
each species included in the study. Table A2.1 designates which respiration algorithm 
(Eq. A2.1.2 or Eq. A2.1.32) was used for each species.  
Routine metabolic rate refers to the total metabolic rate (kJ·g-1·d-1) of fish inclusive of 
routine respiration (R), specific dynamic action (SDA), excreted energy (U) and activity 
(A) according to: 
   𝑅𝑀𝑅 = 𝑅 · 𝐴 + 𝑆𝐷𝐴 + 𝑈     (1) 
Appendix A2.2 describes the algorithms used to estimate SDA and U for each species.  A 
was assigned a constant of 1.5. Table A2.2.1 of Appendix A2.2 summarizes the 
parameter values used for each species included in the model. Values of R (kJ·g-1·d-1) and 
RMR (kJ·g-1·d-1) computed for each species and experimental Hg elimination observation 
are summarized in Table 1. 
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2.2.3 Mercury elimination model evaluation 
General linear models (GLMs) were used to explore a set of statistical models that differ 
in complexity to select an optimum model for predicting Hg elimination by fish. The first 
model applied the Trudel and Rasmussen equation, which reflects a species generic 
model and predicts Hg elimination from fish body weight (BW; g) and water temperature 
(T; oC).  In addition, because Trudel and Rasmussen identified the duration of the study 
as being important, we included a term (DP) representative of the depuration period (d) in 
the model.  DP is a continuous variable that represents the time (d) over which animals 
were depurated in each study included in the database. Model 1 is identified according to: 
ln 𝑘𝑡𝑜𝑡 = 𝑙𝑛𝐵𝑊 + 𝑙𝑛 𝑇 + 𝐷𝑃 + 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡     (2) 
The second model added fish thermal category (TC) as an additional predictor variable 
according to: 
ln 𝑘𝑡𝑜𝑡 = 𝐴 · 𝑙𝑛𝐵𝑊 + 𝐵 · 𝑙𝑛𝑇 + 𝐶 · 𝑇𝐶 + 𝐷 · (𝑙𝑛𝑇 · 𝑇𝐶) + 𝐷𝑃 + 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡 (3) 
In Eq. 3. TC was assigned numerical values of 1, 2 or 3 for cold, cool and warm water 
fish, respectively. 
The third and fourth models removed BW and T and replaced them with species specific 
fish respiration rate (R) or routine metabolic rate (RMR) calculated for each Hg 
elimination entry under the experimental conditions and species used for the study based 
on the Wisconsin Fish Bioenergetics Model version 3.  Models 3 and 4 are described as 
follows: 
 ln 𝑘𝑡𝑜𝑡 = 𝐴 · 𝑙𝑛𝑅 + 𝐷𝑃 + 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡      (4) 
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 ln 𝑘𝑡𝑜𝑡 = 𝐴 · 𝑙𝑛𝑅𝑀𝑅 + 𝐷𝑃 + 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡     (5) 
During GLM fits to models 1-4, regression solutions where DP was found to be non-
significant resulted in the term being removed from the model and the simplified model 
was re-fit by GLM.  
Model performance was evaluated by contrasting model accuracy based on the highest 
coefficient of determination (R2) and by considering Aikaike's Information Criteria (AIC) 
and Bayesian information criteria (BIC).  Generally, higher coefficient of determination 
represents the model is more accurate compared to the model has lower coefficient of 
determination. Coefficients of determination provide an estimate of model accuracy while 
AIC and BIC address model complexity to optimize parsimony.  Models with the lowest 
AIC and BIC values are considered the most parsimonious because model accuracy is 
penalized for the number of parameters (i.e. all fitted constants and coefficients) included 
in the model calibration (Aho et al, 2014).  AICs are calculated according to: 
  𝐴𝐼𝐶 = 𝑛 ∙ log(∑|𝑘𝑡𝑜𝑡(𝑝) − 𝑘𝑡𝑜𝑡(𝑜)|) + 2𝑞    (7) 
Where q is the number of parameters in the model.  BIC is calculated according to: 
  𝐵𝐼𝐶 = 𝑛 ∙ log(∑|𝑘𝑡𝑜𝑡(𝑝) − 𝑘𝑡𝑜𝑡(𝑜)|) + log(𝑛) · 𝑞   (8) 
Between model comparisons were facilitated by computing ∆AIC and ∆BIC, which is the 
difference in AIC or BIC between a given model and the model with the lowest AIC or 
BIC value.  Models with ∆AIC or ∆BIC < 2 are considered comparable in terms of 
parsimony, models with ∆AIC or ∆BIC between 3 and 7 are considered inferior 
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compared to the reference, and ∆AIC or ∆BIC > 10 are considered poor quality compared 
to the reference (Burnham et al. 2011).  
All statistical analyses (GLMs) were performed using SYSTAT Version 12 Statistical 
Software. Assumption of normality was valid (p>0.4; p>0.6; p>0.2; Shapiro-Wilk's test) 
for models 1, 2, 3 but the data were non-normal for model 4 (p<0.05; Shapiro-Wilk's 
test). 
2.3 Results  
All four models were highly significant (F2,64=63.4; F4,62=38.3; F1,65=32.2; F1,65=26.4 for 
models 1, 2, 3, 4, respectively and p<0.001). The constant was significantly different 
from zero for models 1, 2, and 3 (p<0.01; t-test for each contrast) but not for model 4 
(p>0.4; t-test). For most of the models, the coefficients were significantly different from 
zero (t-test results; p<0.05) with the exception of model 1, where the coefficient of ln 
(Temp) was non-significant (p>0.7; t-test). The depuration period duration (DP) was not 
significant for models 1 and 2 (p>0.3 and p>0.4; t-tests, respectively) but was significant 
for models 3 and 4 (p<0.001 and p<0.05; t-tests, respectively).   
Table 2 summarizes model performance for the different model GLM fits. Model 2 with 
DP removed was the best performing model having the highest R2 and lowest AIC and 
BIC values. The ∆AIC and ∆BIC for the next best model (model 1 with DP removed) 
was between 1.8 to 6.1, while ∆AIC and ∆BIC for models 3 and 4 exceeded 10. The 
Trudel and Rasmussen model (Model 1 with DP removed) was the second best 
performing model and was partially supported by the lack of difference in ∆BIC < 2 but 
not by the larger ∆AIC, which exceeded 5.  Models 3 and 4 were both considered poor 
performers owing to high ∆AIC and ∆BIC values. Figure 1 demonstrates goodness of fit 
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plots for each of the four models against the training dataset. Model 2 with DP removed 
exhibited a slope for the goodness of fit test that most closely approached the ideal 1:1 fit 
compared to the other models. The fitted equations for Model 1 and Model 2 are provided 
below: 
Model 1: ln 𝑘𝑡𝑜𝑡 = −0.42 ± 0.04 · 𝑙𝑛𝐵𝑊 + 0.06 ± 0.20 · 𝑙𝑛𝑇𝑒𝑚𝑝 − 4.06 ± 0.57  (9) 
Model 2:  ln 𝑘𝑡𝑜𝑡 = −0.48 ± 0.04 · 𝑙𝑛𝐵𝑊 + 1.52 ± 0.67 · 𝑙𝑛𝑇𝑒𝑚𝑝 + 2.71 ± 0.97 ·
𝑇ℎ𝑒𝑟𝑚𝐶𝑎𝑡 − 0.92 ± 0.36 · (𝑙𝑛𝑇𝑒𝑚𝑝 · 𝑇ℎ𝑒𝑟𝑚𝐶𝑎𝑡) − 8.13 ± 1.69           (10) 
Given that the two best models (Models 1 and 2) did not require bioenergetic estimates of 
R or RMR, they were evaluated against the validation dataset (n=29). Goodness of fit 
tests were performed by linear regression between ln Predicted ktot against ln Observed 
ktot.  In contrast with calibrations, Model 1 yielded a higher R
2 value of 0.32 compared to 
the R2 value generated by Model 2 (0.24).  However, for Model 1, the slope of the 
goodness of fit test was significantly different than an ideal value of 1 (p<0.01; t-test) and 
the constant was significantly different from 0 (p<0.05; t-test). For Model 2, the slope of 
the goodness of fit test was not significantly different than 1 (p>0.05; t-test) and the 
constant was also not significantly different than 0, indicating less bias relative to the 
ideal fit line. Figure 2 contrasts goodness of fit comparisons made against the validation 
data for Model 1 and Model 2.  Closer evaluation of Figure 2 reveals that Model 1 
outperformed Model 2 for warm water fish, whereas Model 2 tended to perform better for 
cold and cool water fish.  Indeed, when warm water fish species (n=4) were removed 
from the validation data set, the goodness of fit test subsequently favored Model 2.  For 
Model 2, the goodness of fit test result for cold and cool water fish only produced an R2 = 
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0.41, slope was 0.71±0.17 and not significantly different than unity (p<0.05, t-test), and 
the constant was not significantly different from 0 (p>0.1; t-test).  In contrast, when 
restricted to cool and cold water fish, Model 1 goodness of fit tests yielded an R2 of 0.32, 
slope of 0.52±0.15, which was significantly different than unity (p<0.01; t-test), and 
constant from the model that was significantly different (p<0.01; t-test) than zero.  
2.4 Discussion 
Trudel and Rasmussen (1997) presented their optimized Hg elimination model as: 
Model TR: ln 𝑘𝑡𝑜𝑡 = −0.20 ± 0.06 · 𝑙𝑛𝐵𝑊 + 0.07 ± 0.02 · 𝑇𝑒𝑚𝑝 + 0.73 ± 0.24 𝐸 −
6.56 ± 0.45                 (11) 
Where E was given a value of 0 or 1 depending on whether the exposure was chronic or 
acute.  Their model explained higher variation (R2 = 0.77) than the present study (R2 
ranging from 0.65 to 0.69 for Models 1 and 2, respectively).  Trudel and Rasmussen did 
not provide the rational for inclusion of E in their model (Eq 11) nor did they define what 
uptake duration they used to delineate acute from chronic studies. Given that they did not 
provide this information in their publication, we did not try to replicate inclusion of E 
into the tested models.  However, it is assumed that E and DP would bear some 
correlation with one another, i.e. studies carried out for long depuration periods are also 
likely to have included a long uptake period and therefore it is expected that E would not 
be a significant variable. 
Trudel and Rasmussen also censored their data to a highly restricted dataset of 21 
observations by including only studies where the depuration duration exceeded 90 days 
or longer.  The rationale behind censoring data in this manner was that mercury 
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elimination follows biphasic elimination from fast and slow compartments and the model 
presented by Eq. 11 was intended to describe the slow elimination compartment 
component.   In the present study, a much larger dataset was used for data calibration 
consisting of 67 observations.  The study duration was accounted for by including DP as 
a variable in the fit to each of the models tested.  In the case of the two selected models 
(Models 1 and 2), DP did not explain any additional variation in the data. The inclusion 
of DP also yielded poorer models with respect to AIC and BIC (Table 2).  However, 
given that Models 1 and 2 consist of mixtures of studies with depuration durations 
ranging from 2 to 365 days, the predicted ktot values from Eqs. 9 and 10 will reflect a 
mixture of fast and slow Hg elimination.  In practice, estimates of ktot derived from 
depuration studies containing both fast and slow Hg elimination compartments are likely 
to produce more accurate field bioaccumulation estimates. This is because most Hg 
toxicokinetic models treat elimination as a first order process and do not consider 
biphasic elimination which would necessitate specifying not only fast and slow 
compartment elimination rate constants, but also concentrations of Hg in the two 
compartments, something that is not generally available. In addition, under normal field 
conditions, organisms are continuously being exposed to fresh mercury via uptake from 
food and water.  Therefore, under normal field conditions, organisms are likely to be 
simultaneously eliminating Hg from both fast and slow compartments. Thus, slow 
compartment elimination conditions might be considered an artifact of experimental 
conditions generated over long depuration studies where fresh exposure to mercury is 
excluded by the study design. 
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An advantage of calibrating the Hg bioaccumulation model over the larger dataset (n=67 
as opposed to n=21) is that the Models 1 and 2 were trained over a more diverse range of 
species (10 species as opposed to 6) compared to what would have occurred if the data 
were truncated to studies with depuration periods greater than 90 days.  A highly 
censored dataset of this type would have also been biased toward larger fish.  For 
example, the mean weight of fish in the calibration data set was 651 g compared to a 
mean weight of 2381 g for fish from studies where depuration exceeded 90 days.  These 
features make the calibrated models of Eq. 9 and 10 more general than the original Trudel 
and Rasmussen model.  
In contrast to bioenergetic model expectations, the temperature coefficient for Model 1 
was not significant.  Trudel and Rasmussen observed a similar phenomenon, with the 
temperature coefficient of Eq. 11 being non-significant.  However, the temperature 
coefficient in Model 2 was significant after the inclusion of fish thermal category.  In 
addition, the temperature x thermal category interaction of Model 2 was significant 
producing a negative coefficient; that is warm water fish exhibit a slower Hg elimination 
response to an increase in temperature compared to cool and cold water fish.  These 
observations are consistent with our understanding of fish metabolic rate – temperature 
response within the limitations of linear regression models used to establish model fit.  In 
reality, warm, cool and cold water fish exhibit non-linear responses to water temperature 
reflecting an increase in metabolic rate up to their optimal temperature, followed by 
transition to decreasing metabolic rate beyond a species specific thermal threshold 
(Cuenco et al. 1985).  Unfortunately, the paucity of Hg elimination data across species 
and over diverse enough temperature ranges to push thermal tolerance are insufficient to 
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develop temperature optima/Hg depuration models with the same rigor as fish 
bioenergetic models (Hansen et al. 1997).  
Models 3 and 4, which incorporated species specific metabolic rate estimates using a fish 
bioenergetic sub-model, produced the poorest fit to the data.  Poorer accuracy of these 
models was partly expected because, relative to Models 1 and 2, the predictive 
coefficients for allometry and temperature were not trained against the data by statistical 
fitting but rather relied on the accuracy of external models. However, Models 3 and 4 also 
failed to meet selection criteria based on model parsimony despite their advantage of 
greater simplicity.  The failure of Models 3 and 4 could be due to inaccuracies in the 
Wisconsin bioenergetic model in predicting fish metabolic rate under actual experimental 
conditions used in individual depuration studies. Indeed, other bioenergetic processes 
such as fish growth rate were not included in the model estimates of fish respiration and 
routine metabolic rate.  It is also possible that fish metabolic rates were impacted by the 
Hg exposures used in Hg depuration studies given that Hg was shown to influence 
standard metabolic rate of fish under laboratory conditions (Tatara et al. 2001), although 
the interaction between Hg exposure and fish metabolic rate in the field has been disputed 
(Hopkins et al. 2003).  Models 3 and 4 also differed from Models 1 and 2 in that DP 
explained a significant amount of variation in the model fits.  However, there was a 
strong positive correlation between ln fish body size and depuration duration (R=0.77; 
p<0.001; Pearson Correlation) across the studies and therefore it cannot be ruled out that 
error in the allometric scaling from the Wisconsin energetic model was being 
compensated for in the present study through statistical fitting of DP in the Models 3 and 
4. 
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Overall, this study demonstrated the superiority of Model 2 over Model 1, both in terms 
of the amount of variation explained and model parsimony against the training dataset.  
However, results were conflicting when the two models were compared against the 
independent validation dataset.  In the latter case, Model 2 generated better goodness of 
fit attributes in the goodness of fit test, having a slope and constant not significantly 
different from 1 and 0, respectively, while Model 1 exhibited both slope and constant 
significantly different from 1 and 0.  Alternatively, Model 2 explained more variation, i.e. 
better accuracy, than Model 1.  However, the latter attribute was mainly driven by the 
poor performance of Model 2 for warm water fish.  Warm water fish were the least well 
represented thermal category with only n=8 observations in the training data set and n=4 
observations in the validation data set.  In contrast, cold and cool water fish dominated 
the training and validation data sets (n=24 and 34 for training, and n= 17 and 8 for 
validation).  Removing warm water fish from the validation dataset resulted in a Model 2 
exceeding the performance of Model 1 both from a model accuracy standpoint as well as 
retaining goodness of fit test attributes of a slope and constant approaching unity and 
zero, respectively.  Therefore, improvement of Model 2 performance might be expected 
through additional model training as more warm water fish Hg elimination rate constants 
become available.  The general superiority of Model 2 over Model 1 provides support for 
fish mercury elimination being a function of fish metabolic rate.  Indeed, uptake rates of 
fish were also shown to be highly coupled to fish oxygen consumption and metabolic 
rates (Wang et al. 2011). Additional research linking fish Hg elimination to metabolic 
rate, for example by testing more warm water fish species and by pushing Hg elimination 
trials beyond the thermal optima of a study fish, would help to address this issue. 
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2.5 Conclusion 
This study demonstrated that prediction of mercury elimination rate constants in fish are 
improved by considering fish thermal category.  The recommended model generated in 
this work also outperformed a species generic model when applied to an independent 
validation data set for goodness of fit attributes.  However, model accuracy was poorer 
for warm water fish and may be limited by the generally poor representation of warm 
water fish species in both the training and validation data sets.  Overall, the study 
provides support that Hg elimination by fish is determined by fish metabolic rate.  
However, models using an independent estimate of fish metabolic rate or respiration rate 
were poorer compared to the empirically trained models. The failure of bioenergetic 
models to accurately predict Hg could be due to errors in fish bioenergetic predictions 
and/or failure to accurately estimate actual fish metabolic rates during individual Hg 
elimination experiments.  Future improvement in fish Hg elimination rate coefficient 
estimation algorithms would be expected by: 1) including greater representation of warm 
water fish species in the training and validation databases, and 2) by pushing the 
temperature range over which mercury elimination rate coefficients studies are completed 
and performing this type of work above a species temperature optima. 
2.6 References 
Aho, K, D Derryberry, T Peterson. Model selection for ecologists:  the worldviews of 
AIC and BIC. Ecology. 2014, 95(3); 631-6.  
Amlund, H. A., Lundebye, A. K., Berntssen, M. H. G. Accumulation and elimination of 
methylmercury in Atlantic cod (Gadus morhua L.) following dietary exposure. 
Aquatic Toxicology. 2007, 83(4), 323-330. 
 34 
 
Bevelheimer MS, Stein RA, Carline RF. Assessing significance of physiological 
differences among three Esocids with a bioenergetics model. Canadian Journal of 
Fisheries and Aquatic Sciences. 1985, 42, 57-69. 
Burnham, KP, DR Anderson, KP Huyvaert. AIC model selection and multimodel 
inference in behavioral ecology: some background, observations and comparisons. 
Behav. Ecol. Sociobiol. 2011, 65:23-35. 
Celia C, CT Driscoll, KF Lambert, RP Mason, EM Sunderland. 2016. Connecting 
mercury science to policy: from sources to seafood. Rev. Environ. Health 31:17-20. 
Cuenco, MI., RR Stickney, WE Grant. Fish bioenergetics and growth in aquaculture 
ponds: II. Effects of interactions among size, temperature, dissolved oxygen, unionized 
ammonia and food on growth of individual fish.  Ecol. Model. 1985, 27:191-206. 
Dang, F.D., Wang, W.W. Antagonistic interaction of mercury and selenium in a marine 
fish is dependent on their chemical species. Enviromental Science and Technology. 
2011, 45, 3116-3122. 
Drouillard, K. G.; Paterson, G.; Haffner, G. D. A combined food web toxicokinetic and 
species bioenergetic model for predicting seasonal PCB elimination by Yellow perch 
(Perca flavescens). Environ. Sci. Technol. 2009, 43(8), 2858-2864. 
Driscoll, CT, RP Mason, HM Chan, DJ Jacob, N Pirrone. Mercury as a global pollutant: 
sources, pathways, and effects. Environ. Sci. Technol. 2013, 47:4967-4983. 
Dutton, J. D., Fisher, N. F. Modeling metal bioaccumulation and tissue distribution in 
Killfish (Fundulus Heteroclitus) in three contaminated estuaries. Evrionmental 
Toxicology and Chemistry. 2014, 33, 89-101. 
 35 
 
Eagles-Smith, CA, EK Silbergeld, N Basu, P Bustamante, F Diz-Barriga, WA Hopkins, 
KA Kidd, JF Nyland. 2018. Modulators of mercury risk to wildlife and hyumans in the 
context of rapid global change. 
Eaton, J. G. Effects of climate warming on fish thermal habitat in streams of the United 
States. 1996, 41(5), 1109-1115.  
Gandhi, N, Bhavsar, SP, SB Gewurtz, KG Drouillard, GA Arhonditsis, S. Petro. Is it 
appropriate to composite fish samples for mercury trend monitoring and consumption 
advisories?  Environ. Int. 2016, 88:80-85. 
Hanson, P. C.; Johnson, T. B.; Schindler, D. E.; Kitchell, J. F. “Fish Bioenergetics 3.0.” 
University of Wisconsin Sea Grant Institute, Madison, Wisconsin.  
Hopkins, WA, CP Tatara, HA Brant, CH Jagoe. Relationships between mercury body 
concentrations, standard metabolic rate, and body mass in eastern mosquitofish 
(Gambusia holbrooki) from three experimental populations. Environ. Toxiol. Chem. 
2003, 22:586-590. 
Ikeda, T. I.; Mckinnon, A. D. M.; Doherty, P. J. D. Metabolism and chemical 
composition of small teleost fishes from tropical inshore waters. Marine Ecology 
Progress Series. 2011, 435, 197-207. 
Kitchell, J. F.; Koonce, J. F.; ONeill, R. V.; Shugart, H. H.; Magnuson, J. J.; Booth, R. S. 
Model of fish biomass dynamics. Trans. Am. Fish. Soc. 1974, 103, 786-798. 
Lavoie RA, TD Jardine, MM Chumchal, KA Kidd, LM Campbell. Biomagnification of 
mercury in aquatic food webs:  A worldwide meta-analysis. Environ. Sci. Technol. 
2013, 47:13385-13394. 
 36 
 
Li, J., Haffner, GD., Paterson, G., Walters, D.M., Burtnyk, M.D., Drouillard, K.G. 2018. 
Importance of growth rate on mercury and polychlorinated biphenyl bioaccumulation 
in fish. Environmental Toxicology Chemistry. 37(6): 1655-1667. 
Li, J.; Drouillard, K. G.; Branfireun, B.; Haffner, G. D. Comparison of the toxicokinetics 
and bioaccumulation potential of mercury and polychlorinated biphenyls in goldfish 
(Carassius auratus). Environ. Sci. Technol. 2015. 49, 11019-11027. 
Li, J., Haffner, G.D., Wang, D., Zhang, L., Li. Y., Deng, H., Drouillard, K.G. 2018. 
Protein and lipid growth rates regulate bioaccumulation of PCBs and Hg in Bighead 
Carp (Hypophthalmichthys nobilis) and Silver Carp (Hypophthalmichthys molitrix) 
from the Three Gorges Reservoir, China. Environmental Pollution. 243, 152-162. 
Madenjian, C.M.,David.S.D.,Krabbenhoft,D.K. (2012).Trophic transfer efficiency of 
Methylmercury and inorganic mercury to lake trout Salvelinus namaycush from its 
prey. Arch Environ Contam Toxicol 63(262-269). 
Madenjian,C.M.,Connor, D.C.(2008).Trophic transfer efficiency of mercury to lake 
whitefish Coregonus clupeaformis from its prey. Bull Environ Contam Toxicol 
81(566-570). 
Mathews, T. M.; Fisher, N. F. Evaluating the trophic transfer of cadmium, polonium, and 
methylmercury in an estuarine food chain. Environmental Toxicology and Chemistry. 
2008, 27, 1093-1101. 
Nitithiamyong, C. 1988.Bioenergetics approach to the study of anabolic effects of 17𝛼-
methyltestosterone in blue tilapia, Oreochromis aureus. Doctoral dissertation. 
University of Wisconsin, Madison, Wisconsin.  
 37 
 
Norstrom, R. J.; McKinnon, A. E.; DeFreitas, A. S. W. Bioenergetics-based model for 
pollutant accumulation by fish simulation of PCB and methylmercury residue levels in 
Ottawa River yellow perch (Perca flavescens). J. Fish. Res. Bd. Can. 1976, 33, 248-
267.  
Perlinger, JA, NR Urban, A Giang, NE Selin, AN Hendricks, H Zhang, A Kumar, S Wu, 
VS Gagnon, HS Gorman, ES Norman. 2018. Responses of deposition and 
bioaccumulation in the Great Lakes region to policy and other large-scale drivers of 
mercury emissions. Environ. Science: Processes and Impacts. 20:195-209. 
Peng, X. P., Liu, F.L., Wang, W.W. Organ-specific accumulation, transportation, and 
elimination of methylmercury and inorganic mercury in a low Hg accumulating fish. 
Enviromenral Toxicology and Chemistry. 2016, 35, 2074-2083. 
Pickhardt, P. C.; Stepanova, M.; Fisher, N. S. Contrasting uptake routes and tissue 
distribution of inorganic and methylmercury in mosquitofish (Gambusia affinis) and 
redear sunfish (Lepomis microlophus). Environ. Toxicol. Chem. 2006, 25(8), 2132-
2142.  
Rand, P. S.; Stewart, D. J.; Seelbach, P. W.; Jones, M. L.; Wedge, L. R. Modeling 
Steelhead population energetic in lakes Michigan and Ontario. Trans. Am. Fish. Soc. 
1993, 122, 977-1001. 
Rudstam, L. G. A bioenergetics model for Mysis Growth and Consumption Applied to a 
Baltic population of Mysis-Mixta. J. Plankton Res. 1989, 11, 971-983. 
Rudstam, L. G.; Binkowski, F. P.; Miller, M. A. A bioenergetics model for analysis of 
food-comsumption patterns of bloater in Lake-Michigan. Trans. Am. Fish. Soc. 1994, 
 38 
 
123, 344-357. 
Simoneau, M. S.; Lucotte, M. L.; Garceau, S. G.; Laliberte, D. L. Fish growth rates 
modulate mercury concentration in walleye (Sander vitreus) from eastern Canadian 
lakes. Environmental Research. 2005, 98(1), 73-82. 
Stewart, D. J.; Weininger, D.; Rottiers, D. V.; Edsall, T. A. An energetics model for lake 
trout, Salvelinus namaycush; Application to the Lake Michigan population. Can. J. 
Fish. Aquat. Sci. 1983, 40, 681-698. 
Tatara CP, MC Newman, M Mulvey. 2001. Effect of mercury and Gpi-2 genotype on 
standard metabolic rate of eastern mosquitofish (Gambusia hollbrooki). Environ. 
Toxicol. Chem. 20:782-786. 
Trudel, M.; Rasmussen, J. B. Predicting mercury concentration in fish using mass balance 
models. Ecol. Appl. 2001, 11, 517-529. 
Trudel and Rasmussen Trudel, M.; Rasmussen, J. B. Bioenergetics and mercury 
dynamics in fish: a modelling perspective. Can. J. Fish. Aquat. Sci. 2006, 63, 1890-
1902. 
Trudel, M.; Rasmussen, J. B. Modeling the elimination of mercury by fish. Environ. Sci. 
Technol. 1997, 31, 1716-1722. 
Wang, R., MH Wong, WX Wang. Coupling methylmercury uptake with respiration and 
water pumping in freshwater tilapia Oreochromis niloticus. Environ. Toxicol. Chem. 
2011, 30:2142-2147. 
Wang, X., F Wu, WX Wang. 2017. In Vivo mercury demethylation in a marine fish 
(Acanthopagrus schlegeli). Environ. Sci. Technol. 51:6441-6451. 
 39 
 
Wang X, WX Wang. 2015. Physiologically based pharmacokinetic model for inorganic 
and methylmercury in a marine fish. Environ. Sci. Technol. 49:10173-10181. 
Wang, W.; Wong, R. S. K. Bioaccumulation kinetics and exposure pathways of inorganic 
mercury and methylmercury in a marine fish, the sweetlips (Plectorhinchus gibbosus). 
Mar. Ecol. Prog. Ser. 2003, 261, 257-268. 
Wang, R.; Wong, M. H.; Wang, W. X. Mercury exposure in the freshwater tilapia 
Oreochromis niloticus. Environ. Pollut. 2010, 158, 2694-2701. 
Wang, R.W., Wang, W. W. Contrasting mercury accumulation patterns in tilapia 
(Orechromis niloticus) and implications on somatic growth dilution.  Aquatic 
Toxicology. 2012, 114-115, 23-30.  
  
 40 
 
Table2.1. Water Temperature, Body weight, Observed MeHg Elimination Rate, 
Respiration Rate, Routine Metabolic Rate and Thermal regime for Various Fish Species.   
Fish species T(°C) BW(g) Kobs R(KJ/g/d) RMR 
(KJ/g/d) 
Thermal 
regime 
Ref 
*Tilapia (O.niloticus) 25 2 0.0060 0.2255 0.2551 Warm 1 
*Tilapia (O.niloticus) 23.5 6.5 0.0055 0.1318 0.1607 Warm 2 
*Redear sunfish 
(Lepomis microlophus) 
17 0.9 0.0180 0.0994 0.1976 Warm 3 
*Bluegill (Lepomis 
macrochirus) 
24 8 0.0053 0.1096 0.2295 Warm 4 
*Yellow perch (Perca 
flavescens) 
15 9 0.0100 0.0597 0.1506 Cool 4 
*Yellow perch (Perca 
flavescens) 
13 17 0.0080 0.0457 0.1293 Cool 4 
*Yellow perch (Perca 
flavescens) 
15 9 0.0100 0.0597 0.1506 Cool 4 
*Yellow perch (Perca 
flavescens) 
11 47 0.0140 0.0324 0.1082 Cool 4 
*Walleye (Stizostedion 
vitreum) 
13 12 0.0081 0.0642 0.1480 Cool 4 
*Walleye (Stizostedion 
vitreum) 
13 12 0.0220 0.0642 0.1480 Cool 4 
*Lake whitefish 
(Coregonus 
clupeaformis) 
12.4 894 0.0007 0.0591 0.1599 Cool 5 
*Lake trout (Salvelinus 
namaycush) 
9 1250 0.0002 0.0148 0.0982 Cool 6 
*Goldfish (Carassius 
auratus) 
13 1 0.0420 0.0568 0.1575 Cool 4 
*Goldfish (Carassius 
auratus) 
13 7 0.0170 0.0454 0.1459 Cool 4 
*Goldfish (Carassius 
auratus) 
13 17 0.0080 0.0410 0.1415 Cool 4 
*Goldfish (Carassius 
auratus) 
20 1 0.0350 0.0789 0.1799 Cool 4 
*Goldfish (Carassius 
auratus) 
20 7 0.0230 0.0631 0.1638 Cool 4 
*Goldfish (Carassius 
auratus) 
10 8 0.0210 0.0388 0.1393 Cool 4 
*Goldfish (Carassius 
auratus) 
5 9 0.0210 0.0303 0.1306 Cool 4 
*Goldfish (Carassius 
auratus) 
20 10 0.0200 0.0605 0.1613 Cool 4 
*Goldfish (Carassius 
auratus) 
20 10 0.0230 0.0605 0.1613 Cool 4 
*Goldfish (Carassius 
auratus) 
24 43 0.0190 0.0618 0.1625 Cool 4 
*Goldfish (Carassius 
auratus) 
22 1 0.0200 0.0867 0.1878 Cool 4 
*Goldfish (Carassius 
auratus) 
24 5 0.0130 0.0791 0.1801 Cool 4 
*Goldfish (Carassius 
auratus) 
22 7.4 0.0080 0.0688 0.1697 Cool 4 
*Goldfish (Carassius 
auratus) 
24 7.4 0.0130 0.0756 0.1765 Cool 4 
*Goldfish (Carassius 
auratus) 
10 8.1 0.0060 0.0388 0.1392 Cool 4 
*Goldfish (Carassius 
auratus) 
5 9.2 0.0060 0.0302 0.1306 Cool 4 
*Goldfish (Carassius 
auratus) 
20 10.2 0.0060 0.0604 0.1611 Cool 4 
*Goldfish (Carassius 
auratus) 
24 15.4 0.0060 0.0695 0.1703 Cool 4 
*Goldfish (Carassius 
auratus) 
24 42.9 0.0040 0.0618 0.1625 Cool 4 
*Goldfish (Carassius 20.9 2.32 0.0100 0.0747 0.1756 Cool 7 
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auratus) 
*Northern pike (Esox 
lucius) 
4 16160 0.0011 0.0087 0.0787 Cool 4 
*Northern pike (Esox 
lucius) 
10 18500 0.0007 0.0118 0.0819 Cool 4 
*Northern pike (Esox 
lucius) 
10 3920 0.0010 0.0155 0.0857 Cool 4 
*Northern pike (Esox 
lucius) 
10 1000 0.0009 0.0199 0.0901 Cool 4 
*Northern pike (Esox 
lucius) 
10 300 0.0009 0.0247 0.0949 Cool 4 
*Northern pike (Esox 
lucius) 
10 300 0.0011 0.0247 0.0949 Cool 4 
*Northern pike (Esox 
lucius) 
10 300 0.0009 0.0247 0.0949 Cool 4 
*Northern pike (Esox 
lucius) 
13 75 0.0050 0.0374 0.1077 Cool 4 
*Northern pike (Esox 
lucius) 
13 150 0.0040 0.0330 0.1033 Cool 4 
*Northern pike (Esox 
lucius) 
9 85 0.0018 0.0293 0.0996 Cool 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
17 33 0.0034 0.0629 0.1841 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
17 33 0.0022 0.0629 0.1841 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
17 33 0.0022 0.0629 0.1841 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
17 33 0.0022 0.0629 0.1841 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
17 33 0.0026 0.0629 0.1841 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
17 33 0.0019 0.0629 0.1841 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
4 33 0.0013 0.0248 0.0771 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 6.3 0.0065 0.0555 0.1472 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 7.3 0.0052 0.0538 0.1455 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 10.2 0.0065 0.0502 0.1419 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 5.5 0.0083 0.0571 0.1488 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 6.6 0.0060 0.0549 0.1467 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 8.2 0.0065 0.0525 0.1442 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 5.1 0.0101 0.0580 0.1497 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 6.1 0.0068 0.0558 0.1476 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 7.3 0.0073 0.0538 0.1455 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 6.8 0.0094 0.0546 0.1463 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 10.6 0.0062 0.0498 0.1414 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 17.1 0.0065 0.0451 0.1367 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 5.4 0.0122 0.0573 0.1490 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 7.7 0.0091 0.0532 0.1449 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 12.3 0.0073 0.0483 0.1399 Cold 4 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 5.7 0.0127 0.0566 0.1484 Cold 4 
*Rainbow trout 10.5 8.7 0.0080 0.0519 0.1436 Cold 4 
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(Oncorhynchus mykiss) 
*Rainbow trout 
(Oncorhynchus mykiss) 
10.5 13.3 0.0072 0.0475 0.1391 Cold 4 
European eel (Anguilla 
vulgaris) 
10 100 0.0008 0.0042 0.0043 Cold 4 
European eel (Anguilla 
vulgaris) 
10 100 0.0007 0.0042 0.0043 Cold 4 
European eel (Anguilla 
vulgaris) 
10 100 0.0007 0.0042 0.0043 Cold 4 
Atlantic cod (Gadus 
morhual) 
11.1 796 0.0018 0.0360 0.0367 Cold 8 
Killfish (Fundulus 
heteroclitus) 
16 0.5 0.0100 0.1098 0.1119 Cold 9 
Killfish (Fundulus 
heteroclitus) 
18 1.95 0.0060 0.1098 0.1119 Cold 10 
Killfish (Fundulus 
heteroclitus) 
18 1.95 0.0090 0.1098 0.1119 Cold 10 
Killfish (Fundulus 
heteroclitus) 
18 1.95 0.0090 0.1098 0.1119 Cold 10 
Burbot (Lota lota) 13 350 0.0016 0.7460 0.7593 Cold 4 
Burbot (Lota lota) 13 680 0.0010 0.7460 0.7593 Cold 4 
Burbot (Lota lota) 10 270 0.0030 0.7460 0.7587 Cold 4 
Burbot (Lota lota) 10 390 0.0020 0.7460 0.7587 Cold 4 
European flounder 
(Pleuronectes flesus) 
10 180 0.0009 0.0021 0.0021 Cold 4 
European flounder 
(Pleuronectes flesus) 
10 180 0.0010 0.0021 0.0021 Cold 4 
European plaice 
(Pleuronectes platessa) 
10 61 0.0025 0.0109 0.0111 Cold 4 
European plaice 
(Pleuronectes platessa) 
10 60 0.0048 0.0109 0.0111 Cold 4 
Thornback ray (Raja 
clavata) 
10 107 0.0022 N/A 0.0012 Cold 4 
Brown bullhead 
(Ictalurus nebulosus) 
13 7 0.0170 13.7280 13.9729 Cool 4 
Brown bullhead 
(Ictalurus nebulosus) 
13 75 0.0050 13.7280 13.9729 Cool 4 
Brown bullhead 
(Ictalurus nebulosus) 
13 150 0.0040 13.7280 13.9729 Cool 4 
Brown bullhead 
(Ictalurus nebulosus) 
13 300 0.0075 13.7280 13.9729 Cool 4 
Brown bullhead 
(Ictalurus nebulosus) 
14 8 0.0300 13.7280 13.9764 Cool 4 
Brown bullhead 
(Ictalurus nebulosus) 
19 280 0.0020 13.7280 13.9925 Cool 4 
Guppy (Poecilla 
reticulata) 
25 0.17 0.0063 0.1092 0.1114 Cool 4 
Wild rabbitfish 
(Siganus canaliculatus) 
23 90.8 0.0240 0.1853 0.1891 Cool 11 
Crescent grunter  
(Terapon jurbua) 
20 2.09 0.0018 0.4736 0.4828 Warm 12 
Mosquitofish 
(Gambusia affinis) 
17 0.45 0.0175 3.3634 4.5779 Warm 3 
Painted comber 
(Serranus criba) 
20 10 0.0026 N/A N/A Warm 4 
Sweetlips 
(Plectorhinchus 
gibbosus) 
23 0.88 0.0103 N/A N/A Warm 13 
 
Note: * designating data used in training data set 
Reference mentioned in the table: 
1= Wang et al. 2012                       2=Wang et al. 2010            3=Pickhardt et al. 2006  
4=Trudel and Rasmussen. 1997     5=Madenjian et al. 2008    6=Madenjian et al. 
2012  
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7=Li et al. 2015                            8=Amlund et al. 2007          9=Mathews et al. 2008  
10=Dutton et al. 2014                  11=Peng et al. 2016             12=Dang et al. 2011   
13=Ikeda et al. 2011 
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Table 2.2:  Model error and Akaike's information criteria for four models used to predict 
Hg elimination rates by fish. 
 
 
 
 
 
  
Model R2 AIC (∆ AIC) BIC (∆BIC) 
Model 1 0.65 133.9 (7.2) 144.9 (5) 
Model 1  
(DP Removed) 
0.65 132.8 (6.1) 141.7 (1.8) 
Model 2 0.69 128.0 (1.3) 143.5 (3.6) 
Model 2 
(DP Removed) 
0.69 126.7(0) 139.9(0) 
Model 3 0.48 160.8 (34.1) 169.6(29.7) 
Model 3 
(DP Removed) 
0.32 177.1 183.7 
Model 4 0.48 159.8(33.1) 168.6 (28.7) 
Model 4 
(DP Removed) 
0.28 181.1 187.7 
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Figure 2.1: Goodness of fit plots for training data for four models predicting whole body 
elimination rate constants (ktot; d-1) for fish.  Symbol (■) designates warm water fish, (○) 
cool water fish, (*) cold water fish.  Solid lines represent linear regression fit to ln 
observed vs ln predicted data.  Dashed line represents the ideal 1:1 fit 
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Figure 2.2: Goodness of fit tests for Model 1 and 2 predicting whole body Hg 
elimination rate constants (ktot; d-1) for fish against the validation dataset.  Symbol (■) 
designates warm water fish, (○) cool water fish, (*) cold water fish.  Solid lines is the 
linear regression fit to ln observed vs ln predicted data.  Dashed line represents the ideal 
1:1 fitregression fit of model 4 predictions to validation data set. Dashed line indicates the 
1:1 fit line. 
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CHAPTER 3 
        Comparison of bioaccumulation of PCBs and Hg in different populations of fish from 
different freshwater lake systems. 
3.1 Introduction 
Both Hg and PCBs are distributed throughout the biosphere owing to their propensity for 
global circulation (Ullrich et al. 2001; Han et al. 2016) and high degree of persistence in 
the environment (Mullin et al. 1984). Several studies have documented elevated Hg and 
PCB concentrations in marine and freshwater systems both near industrialized areas and 
remote from direct anthropogenic sources (Swain 1978; Hakanson et al. 1988; Bidleman 
et al. 1989; Rada et al. 1989; Lindqvist, 1991; Han et al. 2016). Mercury and PCBs 
further share the property of having very high bioaccumulation potentials and both 
undergo food web biomagnification, resulting in elevated concentrations in upper trophic 
level organisms, such as fish (Connelly and Pedersen, 1988; Gobas et al. 1999; Harris et 
al. 2003). Given that human consumption of fish represents the most important exposure 
route of PCBs and Hg (Bargagli et al. 1998; Atwell et al. 1998; Campbell et al. 2005), 
and these two chemicals make up the majority of fish consumption restrictions (Oken et 
al. 2003; Mozaffarian and Rimm, 2006), it is important to understand commonalities and 
differences in the mechanisms of PCB and Hg bioaccumulation in aquatic ecosystems. 
Several studies have documented food web biomagnification of PCBs and Hg (Campfens 
and MacKay 1997; Russell et al. 1999; Borgå et al. 2004; Rasmussen et al. 1990, Cabana 
et al. 1994). The common study design of much of the above research involves sampling 
large numbers of species from a given aquatic system and comparing pollutant 
concentrations as a function of trophic position as described by the trophic magnification 
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factor (TMF) approach (Fisk et al. 1998; Kidd et al. 1998; Trudel and Rasmussen. 2006). 
However, many bioaccumulation studies of this type tend to focus either on PCBs or Hg, 
and there are relatively fewer studies that contrast how PCBs and Hg biomagnify within a 
given aquatic system (Mackay, 1982; Roesijadi, 1992). In addition, because the sampling 
design of food web biomagnification studies emphasizes number of species sampled, this 
often comes at a compromise to the replication efforts directed at any given species of 
study.  
Population focused ecotoxicology studies that contrast chemical bioaccumulation within 
a species across multiple age cohorts (Paterson et al. 2006; Burtnyk et al. 2009; Li et al, 
2015; Abma et al. 2015) remain much less commonly investigated compared to the food 
web biomagnification literature. The study of chemical bioaccumulation in fish 
populations is necessary in order to evaluate steady state versus non-steady state 
bioaccumulation (Mcleod et al. 2016). Several chemical toxicokinetic parameters, such as 
the chemical elimination rate coefficient, scale with body size (Drouillard et al. 2006; 
Trudel and Rasmussen, 1997) and therefore changes in body size experienced by a fish 
over its life increase the time to steady state. Chemical elimination is also influenced by 
changes in growth rates (Trudel and Rasmussen, 2001; Wang and Wang, 2012), and 
reproductive output (Sijm et al. 1992), both of which change as a function of fish age. 
Finally, most fish undergo ontogenetic diet shifts, which change their trophic status 
(Drouillard et al. 2009) and the chemical concentrations in their prey as they age. Each of 
the above factors is likely to contribute to non-steady state bioaccumulation of PCBs and 
Hg. Indeed, a number of population bioaccumulation studies for PCBs (Burtnyk et al, 
2009; Mcleod et al. 2016) and Hg (Trudel and Rasmussen, 2006; Abma et al. 2015) have 
 49 
 
concluded that non-steady state bioaccumulation predominates. These observations are 
important in the context of interpreting food web biomagnification given that fish age and 
body size are covariates of organism trophic position. Therefore, the trophic position of 
the animal and baseline contamination of the system are not the only factors explaining 
PCB and Hg contamination for a given fish species in a given system, and risk based 
models need to incorporate additional factors to more accurately estimate fish exposures. 
Among the limited studies examining PCB and Hg bioaccumulation in fish populations, 
very few have compared bioaccumulation rates of PCBs and Hg simultaneously (Li et al, 
2015; Borgmann and Whittle, 1992). PCBs and Hg exhibit differences in their respective 
bioaccumulation mechanisms.  While chemical uptake rates for both pollutants are 
expected to be a function of fish metabolic rate (Trudel and Rasmussen, 2006), the tissue 
distribution and mechanism of elimination of each contaminant differs.  For example, 
PCBs are distributed primarily to lipids (Drouillard et al. 2004), while mercury tends to 
distribute mostly to protein and is almost absent within lipid compartments of the body 
(Stohs and Bagchi, 1995).  The elimination of PCBs by fish is understood to be governed 
by diffusive bottlenecks between the gills and ventilated water and fish gut tract and 
digesta (Gobas et al. 1988; Paterson et al. 2010).  The mechanisms of mercury 
elimination by fish remain less well understood and may reflect a combination of 
biotransformation processes and elimination across gills and/or to feces (Gobas et al. 
1988; Trudel and Rasmussen, 2001; Paterson et al. 2010).  In both cases, mercury and 
PCB elimination is influenced by body size and water temperature (Dang and Wang, 
2012; Trudel and Rasmussen, 1997; Paterson et al. 2007) but the degree of coupling in 
chemical toxicokinetics between the two contaminants is not known. 
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The objective of the present study was to compare bioaccumulation of PCB and Hg in 
different populations of fish from different freshwater lake systems and in different 
species of fish.  Multiple regression models were used to explore the role of baseline 
contamination (inferred from the youngest year class of fish sampled), age, growth, fish 
species and trophic position on Hg and PCB concentration in fish. The empirical models 
were used to test if Hg and PCB bioaccumulation is a steady state or non-steady state 
process and whether additional factors such as change in trophic position, growth and 
species type commonly influence the bioaccumulation rate of the two pollutant types. 
Finally, this study examines the consistency of empirical bioaccumulation models across 
ecological scales. Empirical bioaccumulation models that show consistency in their 
performance across different ecological scales (individual populations, across populations 
and across species) are considered robust and offer insights into physiological and/or 
ecological mechanisms contributing to chemical fate and distribution in the environment. 
3.2 Materials and Methods 
3.2.1 Data collection 
Data were obtained for five species of fish including: Lake trout (Salvelinus namaycush), 
Yellow perch (Perca flavescens), Silver carp (Hypophthalmichthys molitrix), Bighead 
carp (Hypophthalmichthys nobilis) and Bluegill (Lepomis macrochirus). All data were 
obtained from the literature or obtained from corresponding authors of unpublished 
reports. A brief description of each data source is described below. 
Lake trout (Salvelinus namaycush) data were obtained from two studies, one conducted 
by Houde et al. (2008), generated to study chemical trophodynamics across Canadian and 
U.S. freshwater lake systems. This study reported Lake trout PCB/ total Hg 
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concentrations in whole body homogenates, dorsal muscle stable isotopes (δ15N and 
δ13C), fish age, total length (mm), body weight (g), lipid (%) and whole body fish 
moisture contents (%) from 17 Canadian and U.S. Lakes collected between 1998 to 2001. 
However, data from only 2 lakes (Cold Lake (54.5 ºN, 110.0ºW), AB, Lac La Ronge 
(55.3ºN, 105.0ºW), AB) met our criteria of minimum fish replicate size (n > 10) and 
multiple age classes (at least 4 age classes collected). Fish lengths from Cold and Lac La 
Ronge ranged from 670-840 and 430-915mm, respectively. The procedures for THg, 
PCB, and d13C and d15N analysis are described in the Supplemental Data. The second 
Lake trout data set was derived from Abma et al. (2015) and consisted of Lake trout 
collected from 5 locations representative of different basins of Lake Huron: North 
Channel (46.08ºN, 82.23ºW), Georgian Bay (45.41ºN, 81.11ºW), and Main Basin 
(45.11ºN, 81.70ºW) in 2011 and 2012. Data consisted of PCB/ total Hg concentrations, 
stable isotopes (δ15N and δ13C), fish age, total length (mm), body weight (g), lipid (%) 
and moisture contents (%) similar to those described by Houde et al. (2008). The lake 
trout collected from North Channel, Lake Huron ranged in length from 180 to 680 mm, 
whereas those from Georgian Bay, n=22 l ranged in length from 270 to 740 mm. There 
were 69 trout collected from the Main Basin, ranging in length from 260 to 780 mm. For 
purposes of analysis, locations from the same basin were combined, whereas lake trout 
from different basins were analyzed as separate populations. The decision to combine 
basin specific samples of Lake trout as different populations was based on differences in 
their chemical signature, growth and bioenergetics, as reported by Abma et al. (2015). 
Data on Bluegill were obtained from Li et al. (2018), whom applied a non-steady state 
deterministic model to predict PCB and Hg concentrations in different populations of 
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Bluegill. Multiple sizes (0.1–130.9 g) of Bluegill were collected in October 2006 from 
Apsey Lake (46.2268° N, 81.7689° W), Sharbot Lake (44.7667° N, 76.6833° W), the 
Detroit River (42.2167° N, 83.1333° W), and Stonelick Lake (39.2203 ° N, 84.0725° W). 
Bluegills were also sampled in June 2006 from Lake Hartwell (34.4652° N, 82.8455° W). 
Apsey Lake, Sharbot Lake, and the Detroit River are located in Canada, whereas 
Stonelick Lake and Lake Hartwell are located in the United States. Whole body 
homogenates were analyzed for PCBs, total Hg, % lipid and % moisture. Total length, 
body weights and fish ages were reported as described by Li et al. (2018). Stable isotopes 
were conducted on whole body homogenates after lipid extraction as described in the 
Supplemental Information section/addendum?. 
Data for Yellow perch were taken from an unpublished OMOE/GLIER project entitled 
“Assessing Lake Simcoe food-web contaminant dynamics under the influence of multiple 
stressors” by Ken Drouillard. Yellow perch samples were collected from Lake Simcoe 
(44°25’N 79°20’W) and Sharbot Lake (44.7667° N, 76.6833° W) during 2002, and 
between 2010 and 2011. The 2002 data included 71 yellow perch samples from Lake 
Simcoe and 74 samples from Sharbot Lake, while the 2010 and 2011 data included 121 
fish from Lake Simcoe and 82 fish from Sharbot Lake. Whole body homogenates were 
analyzed for PCBs (PCB 180), total Hg, % lipid, % moisture and stable isotopes. Total 
length, body weights and fish ages were reported as described by Drouillard (2013). For 
analysis purposes fish from the two lakes were examined as separate populations. 
Initially, fish from the two time points in each lake were examined separately, but upon 
finding similar patterns of bioaccumulation, the data between years were combined. 
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Data for Asian carp were obtained from a study by Li et al. (2018). A total of 18 
specimens of Silver carp (Hypophthalmichthys molitrix) and 10 samples of Bighead carp 
(Hypophthalmichthys nobilis) were collected from the Daning River (31.1ºN, 109.9ºE), a 
tributary of the Three Gorges Reservoir, China.  Total lengths of Silver carp ranged from 
194 to 705 mm and for Bighead carp they were 302 to 1083 mm. PCB and Hg 
concentrations, % moisture, % lipids and stable isotopes were completed on whole body 
homogenates. Analytical methods for this data set are described as above.  
For analysis purposes, PCB 180 was selected as a representative highly hydrophobic PCB 
congener.  PCB 180 is a major octa-chlorinated congener with a high log KOW value (Li 
et al; 2003) that is frequently detected in fish samples.  This congener also has a very 
high bioaccumulation/biomagnification potential commensurate with total Hg (Li et al. 
2015). All data on PCB 180 and total Hg concentrations reflect whole body 
concentrations generated using fish homogenates. Given that PCBs distribute mainly to 
lipids in organisms (Drouillard et al. 2004) and Hg distributes primarily to protein (Stohs 
and Bagchi, 1995), concentrations were converted to lipid equivalent and lean dry protein 
equivalent weights, respectively (Li et al. 2018). Wet weight PCB concentrations 
(CPCB180(WW); ng/g) were converted to lipid equivalent concentrations (CPCB180(LEQ); ng/g) 
according to: 
   𝐶𝑃𝐶𝐵180(𝐿𝐸𝑄) =
𝐶𝑃𝐶𝐵180(𝑊𝑊)
𝑓𝐿𝐸𝑄+0.05·𝑓𝐿𝐷𝑃
    (1) 
Where 𝑓𝐿𝐸𝑄  is the fraction of lipids equivalent in fish homogenates and 𝑓𝐿𝐷𝑃  is the 
fraction of lean dry protein in the sample. The constant 0.05 specifies the relative 
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partition capacity of lean dry protein to lipids (Debruyn and Gobas. 2006). The 𝑓𝐿𝐷𝑃 in 
the sample was estimated according to: 
   𝑓𝐿𝐷𝑃 = 1 − 𝑓𝑚𝑜𝑖𝑠𝑡𝑢𝑟𝑒 − 𝑓𝐿𝐸𝑄     (2) 
Where fmoisture is the fraction of water in the homogenate.  
Wet weight Hg concentrations (CHg(WW); ng/g) were converted to lean dry protein 
concentrations (CHg(LDP); ng/g) according to: 
   𝐶𝐻𝑔(𝐿𝐷𝑃) =
𝐶𝐻𝑔(𝑊𝑊)
𝑓𝐿𝐷𝑃
      (3) 
The rationale for expressing Hg concentrations on a lean dry weight basis is that Hg has 
negligible content in body water and lipids of fish and is distributed primarily in 
association with protein (Li et al. 2018).  Therefore, lean dry weight Hg concentration 
provides a more accurate representation of the Hg activity gradient between fish and its 
environment compared to wet or dry weight concentrations.  
3.2.2 Data analysis 
Multiple regression models were applied using the General Linear Model function of 
SYSTAT software to predict log10 transformed CPCB(LEQ) or CHg(LDP) Hg data in fish 
utilizing a standardized model structure described below. For the first iteration of model 
fitting, regressions were performed on combined CPCB(LEQ) or CHg(LDP) Hg data obtained 
from all fish species and populations. The general model for PCBs was fitted to the 
following: 
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𝑙𝑜𝑔𝐶𝑃𝐶𝐵180(𝐿𝐸𝑄) = 𝑆𝑝𝑒𝑐𝑖𝑒𝑠 + log 𝐶𝑃𝐶𝐵180(𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒) + log 𝐵𝑊 + 𝑓𝑙𝑖𝑝𝑖𝑑 +
𝐺𝑅𝑂𝐿𝐸𝑄 + ∆𝑇𝐿 + ∆𝑇𝑖𝑚𝑒 + ∆𝑇𝑖𝑚𝑒 · ∆𝑇𝐿 + 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡    
  (4) 
Where species is given as a categorical value for each of the 5 fish species available, 
Cbaseline is the mean lipid equivalent PCB-180 concentration (ng/g) measured in the 
youngest year class of fish collected from a given water body, 𝑓𝐿𝐸𝑄is the fraction of lipid 
equivalents (g lipid Eq/g BW) in the sample, GROLEQ is the growth of the lipid 
equivalent pool (g LEQ/year) experienced by the animal over the previous year, ∆TL is 
the difference in trophic status of fish compared to the youngest year class of fish 
collected from the same water body and ∆Time is difference in age (years) between a 
given fish and the youngest year class of fish from the same species sampled from the 
same water body. The interaction term ∆Time·∆TL allowed additional consideration of 
age specific ontogenetic diet shifts in the model. Temporal interaction terms were not 
explored for 𝑓𝐿𝐸𝑄 since GROLEQ is essentially the temporal interaction term for 𝑓𝐿𝐸𝑄 . 
GROLEQ was estimated for each sample as the difference in the lipid equivalent pool size 
(g LEQ) in a given fish from the mean lipid equivalent pool size (g LEQ) generated from 
the previous year class of the same fish species from the same water body.  
For Hg, the general model was provided by: 
 
𝑙𝑜𝑔𝐶(𝐻𝑔) = 𝑆𝑝𝑒𝑐𝑖𝑒𝑠 + log 𝐶𝐻𝑔(𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒) + 𝑙𝑜𝑔𝐵𝑊 + 𝑓𝐿𝐷𝑃 + 𝐺𝑅𝑂𝐿𝐷𝑃 +
𝑇𝐿𝐶ℎ𝑎𝑛𝑔𝑒 + ∆𝑇𝑖𝑚𝑒 + ∆𝑇𝑖𝑚𝑒 · 𝑇𝐿𝐶ℎ𝑎𝑛𝑔𝑒 + 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡    
  (5) 
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Where fLDP and GROLDP refers to the fraction of lean dry protein (g LDP/gBW) and 
growth of the LDP pool (g LDP/year) experienced by the animal over the previous year.  
GROLDP was estimated in a similar fashion as GROLEQ.  
Each general model was fit to the PCB 180 or Hg data and coefficients for each variable 
within the models were evaluated for their significance. Model variables with non-
significant coefficients were progressively eliminated and the reduced model was re-fit to 
the data. Akaike's Information Criteria (AIC) and Bayesian information criteria (BIC) 
were used to facilitate model selection (i.e. compare the general model against models 
fitted with fewer predictive variables) to optimize model parsimony. Models with the 
lowest AIC and BIC values are considered the most parsimonious since model 
performance is penalized for the number of parameters (i.e. number of fitted constants 
and coefficients) included in the model calibration. AICs were calculated according to: 
 𝐴𝐼𝐶 = 𝑛 ∙ log(∑|𝐶𝑃𝐶𝐵(𝑝) − 𝐶𝑃𝐶𝐵(𝑜)|) + 2𝑞     (6) 
Where q is the number of parameters in a given model.  BIC was calculated according to: 
 𝐵𝐼𝐶 = 𝑛 ∙ log(∑|𝐶𝑃𝐶𝐵(𝑝) − 𝐶𝑃𝐶𝐵(𝑜)|) + log(𝑛) · 𝑞    (7) 
Model comparisons were facilitated by computing ∆AIC and ∆BIC as the difference in 
AIC or BIC between a given model and the model having the lowest AIC or BIC value. 
As a general rule, models with ∆AIC or ∆BIC < 2 were considered comparable in terms 
of parsimony; models with ∆AIC or ∆BIC between 3 and 7 were considered inferior with 
less support, while models with ∆AIC or ∆BIC > 10 are considered much inferior in 
quality. The optimized model selected for each pollutant was the one that had the highest 
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coefficient of determination (R2) value and a ∆AIC or ∆BIC < 2 from the next more 
complex fitted model. 
The importance of each coefficient to a given pollutant's selected model was evaluated by 
a series of manual stepwise regressions and contrasting the change in model performance 
in terms of coefficient of determination (R2), AIC and BIC that occurs when each 
significant coefficient in the selected model is removed in isolation while retaining all 
other significant coefficients of the selected model in a GLM fit. In this case, variables 
that generate the largest negative change in R2, and largest positive change in AIC and 
BIC after their removal relative to the selected model are considered the most important 
variables of the selected model. This change in R2, AIC and BIC under each regression 
iteration was normalized to a scale of 1 to 100% by computing ∆R2, ∆AIC and ∆BIC for 
each stepwise regression iteration, summing ∆R2, ∆AIC and ∆BIC across the iterations 
and expressing %∆R2, %∆AIC and %∆BIC change occurring as a result of each variable 
removal.  The mean relative importance (%) was then generated across %∆R2, %∆AIC 
and %∆BIC to assign an overall importance weighting of variable importance to each 
variable in the selected model. The best performing, selected interspecific model for 
PCBs and Hg was then qualitatively contrasted against one another to determine if the 
two pollutants were predicted by similar variables and whether the importance of each 
variable was similar across the pollutants. 
For fish species having multiple populations in the database (n=3; Bluegill, Yellow perch, 
Lake trout), the general PCB and Hg model was separately fit to each individual species' 
data after replacing the Species categorical value with a Population categorical value in 
Equations 4 and 5. A similar best model selection process and parameter importance 
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evaluation was also completed for each of the three selected intraspecific models. Non-
parametric Kruskal-Wallis tests were used to test for differences in the mean relative 
importance of each variable in the intraspecific PCB and Hg models after combining 
relative importance data across species.  
Finally, each population (n=14) was fit to the general model after removing the 
species/population categorical value and also removal of CPCB(baseline) or CHg(baseline)
 since 
the latter becomes replaced by the constant in the statistical fits. For each population, a 
selected best performing PCB and Hg model and relative importance of each variable was 
assessed according to the above noted procedures.  Kruskal-Wallis tests were used to test 
for differences in the mean relative importance of each variable in the intraspecific PCB 
and Hg models after combining relative importance data across populations and species 
or by combining populations from the same species in isolation. The latter was completed 
only for Lake trout, Bluegill and Yellow perch since they were the only species with 
replicated populations.   
3.3 Results 
3.3.1 Interspecific model 
The strongest performing and most parsimonious model for PCB 180 concentrations 
across fish species and populations was given as follows: 
𝑙𝑜𝑔𝐶𝑃𝐶𝐵180(𝐿𝐸𝑄) = 𝑆𝑝𝑒𝑐𝑖𝑒𝑠 + 0.826 · log 𝐶𝑃𝐶𝐵180(𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒) + 0.631 · log 𝐵𝑊 − 3.950 ·
𝑓𝐿𝐸𝑄 + 0.001 · 𝐺𝑅𝑂𝐿𝐸𝑄 + 0.089 · ∆𝑇𝑖𝑚𝑒 − 1.197    [8] 
Species specific coefficients fitted to Eq. 8 were as follows:  Lake trout (-0.234), Bluegill 
(1.100), Yellow perch (1.000), Silver carp (-0.153) and Bighead carp (-1.115).  Equation 
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8 explained 90.3% of the variation in the data. Multiple regression fit to Eq. 4 indicated 
that variables ∆TL as well as the interaction, ∆TL·∆Time, were non-significant.  Eq. 8 
had a similar coefficient of determination (R2) compared to the general model described 
by Eq. 4 but had lower AIC and BIC values. Eq. 8 produced AIC and BIC values of 80.4 
and 125.6, while the general model had values of 82.9 and 136.2, respectively.  The 
∆AIC was >2 between the two models and the ∆BIC was 10.6, suggesting that Eq. 8 was 
superior relative to Eq. 4.  
 
The strongest performing and most parsimonious model for lean dry weight total Hg 
concentrations across fish species and populations was given as: 
𝑙𝑜𝑔𝐶(𝐻𝑔) = 𝑆𝑝𝑒𝑐𝑖𝑒𝑠 + 0.513 · log 𝐶𝐻𝑔(𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒) + 0.136 · log 𝐵𝑊 − 1.461 · 𝑓𝐿𝐷𝑃 +
0.0003 · 𝐺𝑅𝑂𝐿𝐷𝑃 − 0.241 · ∆𝑇𝐿 + 0.022 · ∆𝑇𝑖𝑚𝑒 + 1.178   [9] 
Species specific coefficients fitted to Eq. 9 were as follows:  Lake trout (0.114), Bluegill 
(0.238), Yellow perch (1.000), Silver carp (-0.355) and Bighead carp (-0.164). Equation 9 
explained 85.2% of the variation in the data. Multiple regression fit to the general model 
(Eq. 5) indicated that ∆TL·∆Time was a non-significant predictor of fish Hg 
concentrations. Eq. 9 had a similar coefficient of determination (R2) compared to the 
general model described by Eq. 5 and lower AIC and BIC values. Eq. 9 produced AIC 
and BIC values of -506.5 and -457.2, while the general model had values of -505.4 and -
452.0. In this case, the ∆ AIC was higher for Eq. 9 by <2 but the ∆BIC was lower by >5. 
Thus, the BIC suggests a somewhat superior model of Eq. 9 relative to Eq. 5.  
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Figure 1 provides goodness of fit tests for the Hg and PCBs models. Figure 1 also 
delineates individual fish species fit to the model.  While the overall models explained a 
large degree of variation, there were clear discrepancies in the predictive ability of the 
interspecific models for some species. As shown in Figure 1, the model simulation 
showed similar results for both Silver carp and Bighead carp for PCBs, which have a less 
ideal fit to model predictions compared to other species. Yellow perch observations were 
best fitted to a 1:1 ideal fit line. Therefore, the general interspecific model poorly 
performed in predicting PCBs concentrations in Asian carp, whereas it best performed in 
predicting PCBs concentrations in Yellow perch. The model performed poorly for Hg 
concentration predictions in Silver carp based on the figure shown. The model was better 
at predicting Hg concentration for other species. 
The relative importance of individual variables in the PCB and Hg interspecific models 
are summarized in Figure 2.  The Baseline chemical concentration was the most 
important variable for both the PCB and Hg interspecific model, accounting for 65.2 and 
54.3% parameter importance, respectively.  For PCBs, the subsequent relative ranking 
pattern in order of importance was species = ∆𝑇𝑖𝑚𝑒 > 𝑓𝐿𝐸𝑄= BW > GROLEQ.  For Hg, the 
subsequent relative ranking pattern in order of importance was species >GROLDP > BW > 
∆𝑇𝑖𝑚𝑒 > ∆𝑇𝐿 >𝑓𝐿𝐷𝑃.   
3.3.2 Intraspecific model 
Multiple linear regressions were subsequently performed on each species separately.  
Table 1 summarizes model coefficients for selected PCB 180 models for three fish 
species where multiple populations were available for data fitting. Across the species, R2 
values ranged from 0.71 to 0.95. For Lake trout, the categorical variable assigned for 
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population and the interaction term ∆TL·∆Time were non-significant.  The ∆AIC and 
∆BIC values for the reduced model was 9.8 and 17.7, indicating a superior model was 
achieved when the non-significant variables were removed. For Yellow perch, the body 
weight and the growth of lipid were deemed non-significant.  The ∆AIC and ∆BIC values 
for the reduced model was 0.24 and 4.6, partially indicating a superior model was 
achieved when the non-significant variables were removed. For Bluegill, the body weight 
and the growth of lipid were non-significant.  The ∆AIC and ∆BIC values for the reduced 
model were 1.1 and 3.9, partially indicating a superior model was achieved when the non-
significant variables were removed.  The parameters ∆Time, 𝑓𝐿𝐸𝑄  and constant were 
statistically significant for each species tested, while mixed results (2 of 3 species) were 
observed for variables CBaseline, GROLEQ, ∆TL and the ∆TL·∆Time interaction term across 
species.  
Table 1 also summarizes model coefficients for Hg models for three fish species where 
multiple populations were available for data fitting. Across the species, R2 values ranged 
from 0.49 to 0.73. For Lake trout, the categorical variable assigned for population, 
baseline concentration, trophic level change, as well as the interaction term ∆TL·∆Time 
were non-significant.  The ∆AIC and ∆BIC values for the reduced model were 59.8 and 
38.1, indicating a superior model was achieved when the non-significant variables were 
removed and AIC and BIC became minimized. For Yellow perch, the categorical variable 
assigned for population and the fraction of lean dry protein were non-significant.  The 
∆AIC and ∆BIC values for the reduced model were 1.2 and 6, partially indicating a 
superior model was achieved when the non-significant variables were removed. For 
Bluegill, the categorical variable assigned for population, time change as well as the 
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interaction term ∆TL·∆Time were non-significant. The ∆AIC and ∆BIC values for the 
reduced model were 3.2 and 17.7, indicating a superior model was achieved when the 
non-significant variables were removed. Across the intraspecific Hg models, the 
parameters body weight, GROLDP and constant were statistically significant for each 
species tested, while mixed results (2 of 3 species) were observed for statistically 
significant values being achieved for 𝐶𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 , 𝑓𝐿𝐷𝑃, ∆𝑇𝐿, ∆𝑇𝑖𝑚𝑒 and the ∆𝑇𝐿·∆𝑇𝑖𝑚𝑒 
interaction term across species.  
Figure 3 summarizes goodness of fit tests results for PCBs and Hg in each species 
indicated by separate symbols. The intraspecific model exhibited variation in model 
performance when predicting different chemicals across different species. More 
specifically, the intraspecific model best performed at predicting PCBs in Lake trout from 
the Lake Huron main basin compared to the other locations. For Hg concentration 
prediction, the intraspecific model best performed for Lake trout at the North Channel 
location of Lake Huron. As for Yellow perch, the intraspecific model best performed at 
predicting PCBs in fish from Lake Simcoe rather than Lake Sharbot. For Hg, there was 
no distinct difference in predicting Hg concentration in fish from both locations as the 
figures showed similar results. For Bluegill, the figure demonstrated that the model best 
performed for PCBs in fish from the Detroit River compared to the other locations. There 
was no major difference in model performance at all five locations in predicting Hg 
concentration in Bluegill.  
Figure 4 demonstrates the mean across species relative importance of each variable in the 
general bioaccumulation model for PCBs and Hg.  Error bars refer to the standard error 
of the mean estimate between the 3 species tested. Although differences in the absolute 
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mean relative importance were observed for most variables, only 𝑓𝐿𝐸𝑄
, 𝑓𝐿𝐷𝑃  exhibited a 
significant difference (p<0.05; Kruskal Wallis) in magnitude between the two pollutants.  
3.3.3 Population specific model 
Table 2 summarizes model coefficients for selected PCB 180 models for each of the 14 
fish populations. Across the populations, R2 values ranged from 0.113 to 0.845. Across 
the 14 populations, BW, 𝑓𝐿𝐸𝑄and GROLEQ were the most common variables retained in 
the selected population specific models, however, this was the case in only 8, 7 and 5 of 
14 populations, respectively.  ∆TL was the least frequently retained variable across 
populations and only significant in Lake Huron Main Basin Lake trout and Lake Simcoe 
Yellow perch, respectively.  ∆Time and ∆Time·∆TL were retained in only 3 of 14 
populations. 
Table 3 summarizes model coefficients for Hg models for all fish populations. Across the 
populations, R2 values ranged from 0.192 to 0.755. Similar to PCBs, BW, and 𝑓𝐿𝐷𝑃  were 
the most commonly retained variables in selected models for each fish population being 
important in 8, 6 and 5 of 14 populations, respectively.  ∆TL was retained in only 1 
population, while ∆time and ∆time·∆TL were retained in 3 and 2 populations, 
respectively. 
Figure 5 illustrates the mean relative importance of all variables included in the 
population specific models for Hg and PCBs, respectively. When the data were combined 
across populations and species, there were no significant differences (p>0.1; individual 
Kruskal Wallis tests) in the relative importance of any variable between the two 
pollutants.    
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Figure 6 contrasts the relative importance of a truncated set of model variables:  BW, 
𝑓𝐿𝐸𝑄/𝑓𝐿𝐷𝑃 , 𝐺𝑅𝑂𝐿𝐸𝑄/𝐺𝑅𝑂𝐿𝐷𝑃 , ∆𝑇𝐿, ∆𝑇𝐿 ∙ ∆𝑇𝑖𝑚𝑒 and ∆𝑇𝑖𝑚𝑒 over different ecological 
scales for PCBs.  For the interspecific and intraspecific models, which also contained a 
species or population variable and baseline chemical concentration as variables in their 
model fits, the relative importance of the remaining variables was upwards adjusted by 
scaling to the remaining % importance explained for the rest of the parameters after 
species or population variable and baseline chemical concentration were removed from 
the model. With the exception of large differences in the relative importance of delta time 
across ecological scale, the remaining parameters remained stable in the contributions to 
relative importance of selected models. Statistical tests were only completed between the 
intraspecific and population models because these were the only datasets having replicate 
model fits.  There were no statistical differences (p>0.3; individual Kruskal-Wallis tests) 
in the mean relative importance of any of the tested variables for PCBs when compared 
across the species and population scales.  Figure 7 demonstrates the relative importance 
of model variables across different ecological scales for Hg. There were no statistical 
differences (p> 0.3; individual Kruskal-Wallis tests) in the mean relative importance of 
any of the variables either for Hg when compared across the two different ecological 
scales. However, relative to PCBs, the pattern of parameter importance across ecological 
scales were more variable for Hg. 
3.4 Discussion 
This study compared bioaccumulation of PCB-180 and Hg in 14 populations of fish 
consisting of 5 species collected from twelve different lakes. One objective of this 
research was to contrast the stability of empirical bioaccumulation models across 
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different ecological scales for each pollutant. In this context, stability was assessed by 
determining commonalities in the retained variables of statistically derived 
bioaccumulation models and determining the overall importance or model weighing of 
each variable among models calibrated at the interspecific, intraspecific and population 
scale.  Between scales, statistical contrasts were limited to intraspecific and population 
scales because model fits were replicated only at these ecological scales.  For both PCBs 
and Hg, there were few statistically significant differences in the relative importance of 
individual variables between the intraspecific and population scales (p>0.3; Kruskal-
Wallis tests) with the exception of the relative importance of 𝑓𝐿𝐸𝑄and 𝑓𝐿𝐷𝑃  at the 
intraspecific scale. However, the lack of statistical differences reported here is likely a 
reflection of lack of statistical power (i.e. Type II Error).  The intraspecific models had 
only n=3 species fit to the bioaccumulation model and variation in relative importance of 
variables was very high at this ecological scale (see Figures 6 and 7).   
An important observation of this work is that the general pattern of parameter importance 
of retained variables across ecological scales appears to be more consistent for PCBs 
compared to Hg (Figures 6 and 7).  For PCBs, all three ecological scales identified the 
same three most important variables:  BW, 𝑓𝐿𝐸𝑄and ∆Time, although ∆Time was of lesser 
overall importance at the population scale. Literature review of pertinent studies at the 
interspecific and intraspecific population scales are summarized in Appendix 3.1.  For 
PCBs, there were 4 studies reporting on PCB 180 bioaccumulation and 43 studies on total 
PCB bioaccumulation in fish at the population or interspecific scale.  Of these, 18, 15, 8 
and 1 species had statistically significant relationships between PCB bioaccumulation and 
body size, age, trophic position and fraction of lipid reported, respectively.  However, 10, 
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8, 2 and 1 species exhibited a lack of statistical relationship between PCB 
bioaccumulation and lipid content, body size, age and trophic position, respectively 
(Appendix 3.1).  Overall, the weight of evidence from the literature partially supports the 
findings from this work with respect to body size and age being highly common 
predictors of PCB bioaccumulation by fish. However, fraction of lipid was more 
commonly not associated with increased PCB bioaccumulation across the literature 
studies examined. 
In the case of Hg, there was little consensus about which variable was most important to 
bioaccumulation model fit across scales.  Only GROLDP was consistently identified as 
ranking in the top 3 most important variables.  In the literature review of Hg 
bioaccumulation in fish, 80 studies across 56 fish species were found examining 
bioaccumulation at the population scale (Appendix 3.2).  Of these studies, 54, 48 and 26 
species had statistically significant associations between MeHg or total Hg 
bioaccumulation and fish body size, trophic position and age, respectively.  Another 12 
studies found no relationship with body size, the present study found no relationship with 
trophic level and another no relationship with age. Thus, weight of evidence from the 
literature strongly supports size, trophic position and age as significant factors across a 
majority of mercury fish bioaccumulation studies. These factors were all identified as 
important at different ecological scales in the present research, but their relative 
importance varied with scale of model application. For example, body size was the most 
important predictive variable at the individual population scale, while age and trophic 
position were more important at the interspecific and intraspecific scales. The relatively 
large number of species (n=12), which showed no relationship between Hg 
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bioaccumulation and body size in the literature, partially supports the observation from 
the present work on variation in parameter importance across species and ecological 
scales.   
However, it must be noted that few studies in the literature examined all of the variables 
addressed in the general model applied in the present research and most of them reported 
correlation of variables individually, rather than simultaneously using multiple 
regressions. In addition, because field studies are dependent on sampling success, there is 
a high degree of variation among studies in the number of samples obtained and 
distribution of fish across age and size classes.  It was generally rare for literature studies 
to specifically examine growth due to common lack of fish aging and extremely rare to 
examine growth of relevant tissue compartments such as lipid or lean dry protein (Li et 
al. 2017). Fish trophic position is more commonly assessed for between species 
comparisons of chemical bioaccumulation rather than on a within-species basis as was 
examined here and therefore the commonality of trophic level as a significant predictor of 
PCB and Hg bioaccumulation identified within the literature can be partially related to 
covariation between trophic status of the fish and baseline contamination, which was 
among the most important predictors at the interspecific and intraspecific population 
scales.  As such caution is necessary when attempting to verify relationships uncovered in 
the present work with that of the literature owing to differences in data handling, 
standardized inclusion of sets of key variables related to chemical bioaccumulation and 
statistical methods employed.  
Within the present research, sample availability presented a number of obstacles 
potentially contributing to difficulties in delineating differences in pollutant behavior 
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between chemicals and across ecological scales. Having a more balanced dataset in terms 
of the number of populations for each species available would have provided stronger 
between ecological scale comparisons. In addition, while attempts were made to ensure a 
minimum number of age classes (at least 4 years apart) among populations examined, not 
all populations contained young of the year or early age year classes of fish, which is 
critical for establishing baseline contamination that is more reflective of lake 
contamination levels and less confounded by the species overall trophic position in the 
lake. Having independent measurements of prey contamination, water or sediment 
contamination from each of the lakes examined concurrently with target fish collections 
would have contributed to much stronger assessments of baseline contamination without 
the potential confounding relationships with species trophic position identified above. 
There were some unexpected observations from this research with respect to relationships 
between PCB bioaccumulation and lipid content or lipid growth and the relationship 
between Hg bioaccumulation and growth and trophic status. In the case of PCBs, lipid 
content of tissues was commonly related to bioaccumulation, but the relationships 
observed were typically negative associations.  This contrasts with expectations from 
equilibrium partitioning theory, where a higher lipid content represents a higher capacity 
for PCB bioaccumulation (Mackay, 1982). Similar observations were made by Szlinder-
Richert et al. (2009) and Felipe-Sotelo et al. (2008) showing negative relationships 
between lipid and PCB bioaccumulation in several fish species. These observations likely 
arise because of non-steady state bioaccumulation dynamics. Thus, even though inter-
tissue PCB distribution within a given fish is strongly determined by the tissue lipid 
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content and capacity of tissue for partitioning PCBs (Drouillard et al. 2004), the whole 
body lipid content is not necessarily equilibrated with environmental contamination.  
Similarly, for both PCB-180 and total Hg, where growth was significantly related to 
bioaccumulation, the sign of the model coefficient was generally positive, whereas 
growth dilution would predict such relationships to be negative. Growth dilution has been 
commonly reported for PCBs and Hg in fish (Paterson et al. 2006; Simoneau et al. 2005) 
but usually these relationships are based on whole body weight rather than tissue specific 
proximate composition. There are two possible explanations for the opposite statistical 
relationships between growth and chemical bioaccumulation being observed here. For 
PCBs, the negative statistical relationship with lipid commonly observed and described 
above may actually be representative of tissue growth and explained more variation than 
the growth term included in the models. A second possible explanation is that high 
growth rates are bioenergetically associated with higher food consumption rates and 
therefore positive tissue specific growth as estimated in the present study may not be 
reflective of actual growth efficiencies (i.e. growth of fish per kilojoule of food ingested) 
of fish in the field (Li et al. 2018).  Without an independent estimate of food consumption 
rates by fish, teasing apart growth from food consumption can only be accomplished by 
using bioenergetic-toxicokinetic coupled models (Li et al. 2018). 
Finally, mercury relationships with trophic level, where they existed, were mostly 
negative.  In contrast, food web biomagnification studies generally point to the trophic 
position as being significantly positively related to Hg bioaccumulation (Fisk et al. 1998; 
Kidd et al. 1998; Trudel and Rasmussen. 2006). These differences are attributed to the 
difference of scale among study designs. Trophic level as a variable in food web 
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biomagnification studies is applied across species and generally correlates with prey 
contamination. However, in the present research, TL differences were examined between 
fish of the same population. While most fish undergo ontogenetic diet shifts and change 
in trophic position over their lifespans, most of this change occurs during early life stages 
(Paterson et al. 2006). Secondly, the overall variation in trophic position within a species 
for a given population was quite small, rarely spanning more than one trophic level and 
differences in prey chemical concentrations are not likely to change dramatically over 
this small difference in trophic status. Indeed, the negative relationship between fish 
trophic level and Hg bioaccumulation could also be interpreted as a growth efficiency 
difference of fish feeding at higher trophic levels also feeding on larger prey items and 
grow more efficiently as a result. 
3.5 Conclusion 
Overall, this research verified several commonalities in the bioaccumulation of PCBs and 
mercury by fish and a few differences. Body size was among the most common 
predictors of chemical bioaccumulation for the two pollutant groups, followed by lesser 
but similar relative importance rankings for tissue specific growth and age across 
ecological scales. PCBs generally had stronger negative association with tissue lipid 
contents compared to the importance of lean dry protein content on Hg bioaccumulation. 
Lastly, Hg exhibited a somewhat more consistent relationship to changes in trophic status 
compared to PCBs. Given that empirical bioaccumulation models were more stable for 
PCBs, i.e. they identified the same top variables across ecological scales, compared to 
Hg, this suggests that empirical models can provide more robust predictions of PCBs 
compared to Hg when applied to non-calibrated populations.  For example, it might be 
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expected that regional models accounting for baseline contamination of lakes would be 
more successful at predicting PCB accumulation by fish compared to Hg. Curiously, 
empirical bioaccumulation models are more commonly adopted in the literature for Hg 
than for PCBs, and yet such models appear to have reduced predictive power when 
extended to non-calibrated populations. The commonality of factors associated with body 
size, age and growth identified in empirical models for the two contaminants implies that 
these two pollutants could be modelled using a common deterministic bioaccumulation 
model, such as the bioenergetic-toxicokinetic coupled models previously described. 
Indeed, adopting deterministic models of this type is the only way to tease out 
confounding relationships between fish feeding rates, prey composition choice, prey size 
selection and fish growth efficiency that likely contributes to high variation in empirical 
model performance across ecological scales and between populations. Finally, the results 
of this research confirm the commonality of non-steady state bioaccumulation of PCBs 
and Hg in fish. Although aging fish is more labor intensive than simply documenting fish 
body weight and length on collection, fish age should be included more routinely in 
bioaccumulation studies.  
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Table3.1:  Coefficients for intraspecific model for PCB180 and Hg. 
Model Pop CBaseline BW 𝒇𝑳𝑫𝑸/𝑳𝑫𝑷 GROLEQ/L
DP 
∆TL ∆ T ∆ 
Time·∆T
L 
Constan
t 
R2 
PCB180 
Lake 
trout 
NS 0.751 0.659 -3.15 0.001 -0.39 0.07
3 
NS -1.471 0.7
8 
Yellow 
perch 
Sig 1.154 NS -11.61 NS -1 0.06 0.225 0.238 0.7
1 
Bluegill Sig NS 0.473 -7.124 0 NS -
0.08
2 
NS 1.319 0.9
5 
                                                                        Hg 
Lake 
trout 
NS NS 0.506 -2.291 0 NS 0.01
8 
NS 1.555 0.7
3 
Yellow 
perch 
NS 0.532 0.067 NS 0 -
0.61
5 
0.02
8 
0.125 1.093 0.7 
Bluegill NS 0.521 0.071 -1.386 0.001 -0.46 NS NS 1.5 0.4
9 
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Table3.2: Coefficients for Population model for PCBs. 
Model BW 𝒇𝑳𝑬𝑸 GROLE
Q 
∆TL ∆ 
Time 
∆ 
Time 
·∆TL 
Consta
nt 
R2 
PCBs 
Lake trout 
 Cold Lake 
 
 
3.294 
 
 
NS 
 
 
NS 
 
 
NS 
 
 
NS 
 
 
NS 
 
 
-10.759 
 
 
0.361 
 Lac La Ronge 
 Lake Huron MB 
 Lake Huron GB 
 Lake Huron NC 
Yellow perch 
  Lake Simcoe  
  Sharbot Lake  
1.412 
NS 
NS 
NS 
 
0.634 
0.241 
NS 
-0.022 
NS 
-3.142 
 
-11.911 
-6.851 
NS 
0.002 
0.010 
0.009 
 
0.003 
NS 
2.573 
NS 
NS 
-11.245 
 
NS 
NS 
NS 
0.052 
NS 
NS 
 
0.044 
NS 
-0.741 
-0.063 
NS 
2.528 
 
NS 
NS 
-3.653 
1.987 
1.440 
1.758 
 
0.482 
1.198 
0.695 
0.657 
0.845 
0.456 
 
0.811 
0.229 
Bluegill 
  Apsey Lake 
  Sharbot Lake 
  Detroit River 
  Stonelick Lake 
  Lake Hartwell 
Silver carp 
  Daning River 
Bighead carp 
  Daning River 
 
NS 
0.249 
0.561 
NS 
0.350 
 
0.534 
 
NS 
 
NS 
NS 
NS 
-12.471 
-7.639 
 
-7.856 
 
NS 
 
NS 
NS 
0.002 
NS 
NS 
 
NS 
 
NS 
 
NS 
NS 
NS 
NS 
NS 
 
NS 
 
NS 
 
NS 
NS 
NS 
NS 
-0.182 
 
NS 
 
NS 
 
NS 
NS 
NS 
NS 
NS 
 
NS 
 
NS 
 
NS 
0.480 
0.879 
1.584 
3.142 
 
-1.544 
 
NS 
 
NS 
0.113 
0.707 
0.392 
0.419 
 
0.446 
 
NS 
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Table3.3: Coefficients for Population model for Hg. 
Model BW 𝒇𝑳𝑫𝑷 GRO
LDP 
∆TL ∆ 
Time 
∆ 
Time 
·∆TL 
Consta
nt 
R2 
Hg 
Lake trout 
 Cold Lake 
 
 
NS 
 
 
-3.599 
 
 
   NS 
 
 
NS 
 
 
NS 
 
 
NS 
 
 
3.746 
 
 
0.178 
 Lac La Ronge 
 Lake Huron MB 
 Lake Huron GB 
 Lake Huron NC 
Yellow perch 
  Lake Simcoe 12 
  Lake Simcoe 02 
  Sharbot Lake 12 
  Sharbot Lake 02 
0.509 
0.253 
NS 
2.062 
 
0.249 
 
0.145 
NS 
NS 
-21.959 
-2.274 
 
NS 
 
NS 
NS 
0.000 
NS 
NS 
 
0.001 
 
   NS 
NS 
NS 
NS 
NS 
 
NS 
 
-1.933 
NS 
0.050 
NS 
NS 
 
0.035 
 
NS 
NS 
NS 
-0.181 
NS 
 
NS 
 
0.642 
 
1.368 
1.848 
6.976 
2.062 
 
1.878 
 
2.427 
0.693 
0.683 
0.686 
0.755 
 
0.704 
 
0.527 
Bluegill 
  Apsey Lake 
  Sharbot Lake 
  Detroit River 
  Stonelick Lake 
  Lake Hartwell 
Silver carp 
  Daning River 
Bighead carp 
  Daning River 
 
NS 
NS 
NS 
0.225 
0.470 
 
0.377 
 
NS 
 
-1.709 
NS 
-2.419 
-3.404 
NS 
 
NS 
 
NS 
 
0.003 
NS 
NS 
NS 
NS 
 
0.003 
 
0.001 
 
NS 
NS 
NS 
NS 
NS 
 
NS 
 
NS 
 
NS 
NS 
NS 
NS 
-0.113 
 
NS 
 
NS 
 
NS 
NS 
NS 
NS 
NS 
 
NS 
 
NS 
 
2.617 
NS 
3.197 
2.788 
2.079 
 
0.523 
 
2.038 
 
0.327 
NS 
0.192 
0.567 
0.184 
 
0.720 
 
0.283 
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Figure 3.1: Goodness of Fit of Observed VS Predicted logPCB/Hg for all species.  
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Figure 3.2: Relative importance of model parameters of interspecific model for PCBs 
and Hg. 
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   Figure 3.3: Goodness of fit tests for intraspecific model.
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Figure 3.4: Relative importance for all parameters of intraspecific model. 
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Figure 3.5: Relative importance for all parameters of Population specific model. 
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Figure 3.6: Relative importance of all parameters across different ecological scales for PCBs. 
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Figure 3.7: Relative importance of all parameters across different ecological scales for Hg. 
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Chapter4  
                                                                        Discussion  
4.1 Background 
A primary objective of this dissertation was to improve our understanding of mercury 
(Hg) and polychlorinated biphenyl (PCB) bioaccumulation dynamics in different fish 
species. Both Hg and PCBs exhibit the common attribute of having high bioaccumulation 
potentials in aquatic ecosystems and undergo pronounced food web biomagnification 
(Zhang et al, 2012; Russell et al, 1995). However, despite these two pollutants 
contributing to the majority of fish consumption advice information issued by 
government agencies (Oken et al. 2003; Mozaffarian and Rimm, 2006), they are rarely 
studied together from a bioaccumulation modelling perspective.  
A general pattern in the field of ecotoxicology has been the delineation of research 
subfields that separate metal ecotoxicology from organic environmental contaminant 
ecotoxicology. Most studies on bioaccumulation have tended to either specialize on Hg or 
hydrophobic organic contaminants, including PCBs, leading to discordance in 
bioaccumulation modelling approaches applied between these sub-fields. For example, a 
majority of research on Hg bioaccumulation has been conducted at the entire food web 
scale using empirical modelling, such as the widely applied trophic magnification factor 
(TMF) concept (Lavoie et al, 2013), or in some cases studies have applied empirical 
bioaccumulation models at the population scale (Chouvelon et al, 2017). In the case of 
PCB bioaccumulation studies, food web bioaccumulation models more commonly have 
adopted bioenergetic-toxicokinetic based models (Arnot and Gobas, 2004; McLeod et al, 
2016; Paterson et al. 2007) with limited evaluation of empirical model based studies 
being performed at the population scale (Burtnyk et al. 2009; Li et al. 2018).  
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The approach taken in this thesis was to explore commonalities in Hg and PCB 
bioaccumulation that could be exploited for the development of harmonized 
bioaccumulation models that apply to both these priority chemicals of concern. In 
Chapter 2 of this thesis, I examined the common co-dependence of Hg and PCB 
elimination on fish metabolic rate. This chapter demonstrates mechanistic similarities in 
PCB and Hg toxicokinetics in fish that could be used to exploit a common bioenergetic-
toxicokinetic modelling approach that has been more commonly adopted for PCBs and 
much more rarely adopted for Hg. While the relationship between fish metabolic rate and 
PCB elimination has been well established in the literature (Drouillard et al. 2009), the 
explicit linkage with Hg has not been as fully explored. Trudel and Rasmussen (1997) 
published a mercury elimination sub-model for fish that demonstrated mercury loss to be 
dependent on fish body size and water temperature. In Chapter 2 of the thesis, I tested if 
adding species specific bioenergetic parameters to a Hg elimination model offers 
improved performance over the species generic model published earlier. Successful 
demonstration that Hg elimination is a function of fish metabolic rate will provide a 
stronger rational for adopting bioenergetic-toxicokinetic models of mercury 
bioaccumulation in fish. 
In Chapter 3 of this thesis, I examined the applicability of a common empirical 
bioaccumulation model that could be applied to both Hg and PCBs. This chapter was 
intended to determine if the more widely applied empirical bioaccumulation models 
adopted for describing Hg bioaccumulation in the literature have similar utility in 
predicting PCB concentrations in fish. For this chapter, a database of Hg and PCB 
bioaccumulation in 14 populations consisting of 5 fish species was obtained from the 
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literature and unpublished sources containing a common set of predictive parameters 
(age, body size, tissue composition and δ15N isotopes) that could be used to calibrate and 
evaluate a common empirical bioaccumulation model applied to both contaminants. One 
goal of Chapter 3 was to determine if optimized multiple regression models would 
generate similar model structures (i.e. retained predictive variables) for both Hg and 
PCBs and second if the overall importance or weighting of coefficients included in the 
optimized models were similar between the two chemicals. The second objective of 
Chapter 3 was to determine if empirical bioaccumulation models applied to either PCBs 
or Hg exhibited stability when calibrated across different ecological scales. The ability to 
demonstrate robust empirical bioaccumulation models across scales of model application 
would provide support for their use in environmental decision making, e.g. as commonly 
applied in fish consumption advisory programs.  
4.2 Results 
Chapter 2 tested the following hypotheses:  
3) Mercury elimination models that consider fish thermal category will provide more 
accurate Hg elimination rate estimates compared to a species generic model.  
4) Mercury elimination models that adopt species optimized bioenergetic sub-models 
will provide more accurate Hg elimination rate estimates compared to a species 
generic model. 
Hypothesis 1 was accepted based on the results generated in Chapter 2.  Model 2, which 
included fish thermal category, was observed to explain more variation (R2=0.69) in the 
calibration data on Hg elimination by fish compared to Model 1 representative of the 
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species generic model (R2=0.65).  The ∆AIC and ∆BIC values of multiple regression fit 
of Model 1 also exceeded those of the optimized Model 2 by 7.2 and 5 implying that 
Model 2 achieved higher performance while retaining attributes of model parsimony.   
The overall performance of Model 2 was mixed relative to Model 1 when applied to an 
independent validation data set on Hg elimination by fish.  Model 1 explained more 
variation (R2 = 0.32) compared to Model 2 (R2=0.24) of the validation data.  However, 
closer examination of the data showed that the higher performance of Model 1 was 
restricted to fish in the warm water thermal category.  Model 2 offered a much stronger 
performance for fish in the cold and cool water thermal categories compared to model 1, 
where R2 increased to 0.41 when warm water fish were excluded.  In the case of Model 1, 
there was no difference in model performance in predicting mercury elimination by fish 
in the validation dataset as it applies to cold and cool water fish only compared to the full 
data set.  These mixed results were interpreted to be a related to the small number of 
warm water fish available for testing model performance in the calibration and validation 
data sets compared to cold and cool water data. 
Hypothesis 2 was rejected.  Models 3 and 4 from Chapter 2 applied an independent fish 
bioenergetic submodel to estimate fish respiration rates or routine metabolic rate of fish 
under the individual experimental conditions described for each experimental Hg 
elimination study used in the calibration data set. Despite having lower model 
complexity, i.e. fewer fitted coefficients, and greater potential for model parsimony, these 
models performed more poorly compared to Models 2 and 1. The ∆AIC and ∆BIC values 
of Models 3 and 4 exceeded those of Models 1 and 2 by more than 10, implying models 
of much poorer quality relative to Model 1 and 2.  One disadvantage that Models 3 and 4 
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had were their reliance on an independent submodel of fish bioenergetics, which included 
proprietary estimates of species specific metabolic rate – temperature relationships and 
metabolic rate-size dependence. In contrast, coefficients related to water temperature and 
body size of Models 1 and 2 were directly trained on the calibration dataset. This training 
could have compensated for errors in the Wisconsin Fish Bioenergetic models.  
Chapter 3 of this thesis tested the following hypotheses:  
 
1) The optimized PCB bioaccumulation model has similar weighting of model 
coefficients as the optimized Hg bioaccumulation model over a given scale of 
calibration. 
2) Optimized PCB and Hg bioaccumulation models remain consistent when calibrated 
at different ecological scales,  i.e. the model structure and relative weighting of 
parameters remains similar when it is calibrated at the population, intraspecific and 
interspecific scales. 
Hypothesis 1 was partially accepted with notable exceptions in specific model 
coefficients across different ecological scales. There was a general similarity in model 
performance and optimized model structure when the general models were calibrated at 
the interspecific scale. However, these similarities began to deviate to a greater extent 
when the general model was applied at the intraspecific and population specific scales. 
However, statistical differences in the relative importance of model coefficients in 
bioaccumulation model parameters applied to PCBs or Hg could not be established at 
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either the intraspecific or population specific scales owing to lack of statistical power for 
between species comparisons and high variation in selected model structures when the 
model was applied to each population separately.  
At the interspecific and intraspecific scale of model calibrations, both PCBs and Hg 
models were strongly dependent on the baseline contamination of the system and species 
or population being modelled.  Fish body weight and age were also commonly observed 
important model parameters at these scales. Where PCBs and Hg deviated, it was in the 
relative importance of lipid or lean dry weight content and trophic position change 
inferred from differences δ15N across age classes. PCB models tended to be more 
strongly dependent on the tissue lipid content, while lean dry protein growth and trophic 
position showed up more frequently among optimized Hg models. At the population 
scale, body weight, fraction of lipid and growth of lipids were most consistently selected 
as important predictors of PCB concentrations in fish.  For mercury, body weight, 
fraction of lean dry protein and growth of lean dry protein were the most commonly 
important predictors.  
Hypothesis 2 from Chapter 3 was accepted for PCBs but rejected for Hg. While statistical 
power remained limited for testing this hypothesis with respect to the importance of 
individual predictor variables at different scales, the overall pattern demonstrated 
consistence in model structure of PCBs when calibrated across ecological scales.  Across 
the interspecific, intraspecific and population specific scales, optimized PCB models 
consistently identified body weight, fraction of lipid equivalent and age as being 
important to predicting PCB 180 concentrations in fish. For Hg, there was little similarity 
in the model structure and importance of predictive variables between models calibrated 
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at different scales. Only growth of lean dry protein was consistently identified as one of 
the three most frequently identified important predictors across the different ecological 
scales.  
4.3 Discussion 
The results of Chapter 2 provide some support for the further development of harmonized 
bioenergetic-toxicokinetic models that could be applied to both PCBs and Hg. Given that 
uptake rates of both contaminants are strongly dependent on food consumption rates of 
fish and chemical assimilation efficiency from diet, a bioenergetics model would have 
utility in predicting the uptake of each of these contaminants. In addition, Chapter 2 
provides support for species specific metabolic rate being an important component of 
chemical elimination of Hg as has previously been established for PCBs (Drouillard et al. 
2009; Arnot and Gobas 2004).  This indicates that the same bioenergetic submodel used 
to describe chemical uptake rates for the two contaminants could in principle be applied 
to describe other key toxicokinetic terms such as chemical elimination. However, the 
failure of the Wisconsin Fish Bioenergetic model to outperform an empirically derived 
Hg elimination model calibrated against water temperature, fish size and thermal 
category warrants some caution with this approach and suggests a need for further 
research in the area of Hg elimination by fish.  
A notable data gap identified by this thesis is the lack of availability of studies on 
mercury elimination in warm water and tropical fish.  This provided constraints on the 
ability to train with success the empirical Hg elimination model across thermal 
categories. It also placed limitations on the magnitude of variation in species specific 
differences in metabolic rates available in the calibration and validation data sets used to 
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distinguish between models. Most of the data on mercury elimination available from the 
literature are associated with cold or cool water fish species which have more similar 
temperature optima to one another compared to those of warm water fish.  Based on this 
data gap, it is suggested that future efforts at quantifying mercury elimination by fish 
should be directed towards research conducted on fish species with high temperature 
tolerance. Another suggested future experiment design that would be useful to solidify 
the relationship between fish metabolic rate and Hg elimination would be to conduct Hg 
elimination trials above the thermal optima of a model fish species. Under these 
circumstances we would predict that mercury elimination rate would decrease with 
increasing temperature owing to the reversal of metabolic rate-temperature relationship 
above temperature optima.  While it is recognized that such an experiment would have 
logistic challenges in keeping fish alive and in good health over prolonged time periods 
above their thermal optima, the implementation of such of an experiment would validate 
the inferred metabolic rate dependence of Hg elimination by fish. 
Another important issue related to mercury elimination not explored in this work is the 
influence of sex. Madenjian et al. (2015) concluded that androgens are likely to play a 
role in Hg elimination, enhancing the elimination of Hg by male fish. Sex based 
differences in chemical bioaccumulation are more typically interpreted to be due to 
maternal offloading of chemical to gonads. However, hormonally dependent Hg 
elimination as hypothesized by Madenjian et al. (2015) could help describe differences in 
the bioaccumulation behavior of PCBs and Hg in fish.  Future research to uncover the 
mechanism of hormonal mediated chemical elimination by fish through directed 
manipulation studies would substantiate this line of research.  
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The further development of bioenergetic-toxicokinetic models applied to both PCBs and 
Hg would also need to focus on other key toxicokinetic parameter differences among the 
two chemicals. First is the chemical assimilation from food, which appears to be more 
variable across diets for PCBs and of generally lower magnitude compared to Hg 
(Madenjian et al. 2012; Fisk et al. 1998; Li et al. 2015). These differences in chemical 
attributes would imply that bioenergetic-toxicokinetic models that incorporate ontogentic 
diet shifts or general omnivory of modelled fish species could predict differences in PCB 
and Hg uptake rates dependent on the composition of diets and independent of chemical 
concentration differences in modelled diet items. Most dietary chemical assimilation 
studies use commercial fish food formulations rather than natural diets (Liu et al. 2010; 
Li et al. 2015; Torres-Ruiz et al. 2010). Therefore, to further the improvement of 
harmonized bioenergetic-toxicokinetic models of PCBs and Hg, dietary chemical 
assimilation studies should be directed towards assessing assimilation efficiencies from a 
range of natural diet items consumed by wild fish.  Differences in the variation in dietary 
chemical assimilation efficiency across diets between the chemicals could shed light into 
differences in bioaccumulation patterns observed between the chemicals.  
A last issue related to adopting combined PCB and Hg bioenergetic-toxicokinetic models 
involves addressing growth of individual tissues in fish as opposed to scaling growth 
dilution to changes in whole body weight. Given that PCBs distribute to lipids while Hg 
distributes to protein, modelling of growth dilution should be tailored to individual tissue 
components specific to the capacity of the chemical of study.  Some progress has been 
made in this area.  Li et al. (2018) demonstrated that differences in bioaccumulation 
 106 
 
trajectories of PCBs and Hg in Bluegill sunfish and Asian carp could be partially 
explained by deviation in the growth of lipids compared to the growth of lean dry protein.   
 
Chapter 3 provided a different perspective of exploring harmonized empirically based 
PCB and Hg bioaccumulation models to predict fish contamination. The study 
investigated a generalized model applicability at three ecological scales: multiple-species, 
multiple-populations and individual-populations. Body weight, fraction of lipid or lean 
dry protein and age were consistently the most important predictive variables across 
ecological scales and pollutants. This research was novel because the same general 
empirical model was applied to both PCBs and Hg, whereas in the literature usually 
models of this type are only calibrated for one or the other contaminant.  It is also often 
difficult to compare these results to different literature studies because empirical 
bioaccumulation models applied to the different chemicals often include different sets of 
predictive variables. 
The literature partially supported my findings that BW and ∆Time are common predictors 
of PCB bioaccumulation by fish, however, fraction of lipid was not associated with 
difference in PCB accumulation in many literature studies. In the case of Hg, growth of 
lean dry protein was the only variable that was identified as top 3 most important 
variables across scales. However, there were very few published studies that have 
examined growth of lean dry protein apart from Li et al. (2018). Across literature studies 
examining empirical Hg bioaccumulation models, body size, trophic position and age 
were all identified as being significantly associated with either MeHg or total Hg 
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concentration in various fish species. However, the findings from this research showed 
that predictor variable importance was dependent on the ecological scale over which the 
model was calibrated and this was particularly the case for Hg. For example, body size 
was the most important variable at the individual population scale, while age and trophic 
position were more important at the multi-species and multi-population scales for Hg 
prediction. In my literature review I noted that some literature studies showed no 
relationship between Hg bioaccumulation and body size (least 12 fish species), which 
supports the variable nature of Hg dependence on certain predictive variable uncovered 
by Chapter 3.  
An unexpected finding from Chapter 3 was that empirical bioaccumulation models 
developed for PCBs appear to exhibit higher stability when calibrated across ecological 
scales compared to Hg.  This runs counter to the general orientation of mercury 
ecotoxicologists and hydrophobic organic chemical ecotoxicologists, whom more 
commonly apply empirical bioaccumulation models or bioenergetic-toxicokinetic 
bioaccumulation models, respectively. The lack of stability of Hg models with ecological 
scale indicates that in the mercury field, adopting mechanistic based models may prove 
more useful than the standard approaches being adopted within that field. Mechanistic 
bioaccumulation models, like those associated with bioenergetic-toxicokinetic models, 
are better able to handle predictions of system perturbation among parameters outside of 
the calibration range. For example, empirical Hg bioaccumulation models have been 
applied to predict the impact of climate change on fish contamination in the Arctic 
(Evans et al. 2005; Kidd et al. 1998). However, climate change is likely to impact more 
than just water temperatures and will likely affect fish growth, tissue composition, 
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feeding ecology and other factors that are not likely to be factored into empirical 
bioaccumulation models. At the same time, PCBs seem to be predicted with a higher 
degree of consistency by the same sets of predictor variables. Thus, even though PCBs 
are less commonly modeled by this approach, the results of Chapter 3 imply that 
empirical PCB bioaccumulation models could be pursued more regularly within this sub-
field of ecotoxicology. In the study that was published by Li in 2018, basically she 
examined the same Bluegill population as this study, her study generated a higher 𝑅2 
value for Hg than this study, which emphasizes that toxicokinetic model might be 
working better than empirical model for predicting Hg concentration in fish. However, 
our study generated a higher 𝑅2 for PCBs than her study; this indicates that empirical 
model that was invented in this study might be better performed at predicting PCBs 
concentration in fish than toxicokinetic model.   
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APPENDICES  
Appendix 2.1 
In order to predict the rate of respiration of each fish species under the experimental 
conditions of Hg elimination studies, the Wisconsin Fish Bioenergetics 3.0 was used to 
compute respiration (R; g O2·g
-1·d-1) (Hanson, 1997). The base equation for the 
respiration function is given by: 
 
𝑅 = 𝑅𝐴 ∙ 𝑊𝑅𝐵 ∙ 𝑓(𝑇) ∙ 𝐴𝐶𝑇𝐼𝑉𝐼𝑇𝑌                                    A2.1.1 
 
Where R: Specific rate of respiration (𝑔 O2·𝑔−1 · 𝑑−1), RA is the intercept of the 
allometric mass function (𝑔 O2·𝑔−1 · 𝑑−1), W is fish body weight (g), RB is the slope 
of the allometric mass function, f(T) is temperature dependence function specified by 
one of 3 temperature subalgorithms. T is experimental water temperature (℃). 
ACTIVITY is activity multiplier which is assumed to be 1.5 for all the fish species in this 
study. 
 
According to Wisconsin Fish Bioenergetics 3.0, different fish species will utilize different 
f(T). There were two types of f(T) that were used across the different species for which R 
and RMR measures were estimated in Chapter 2. 
 
The first is an exponential model that considers fish species that exhibit constant 
swimming activity and is typically applied to cold water fish species (Stewart et al. 
1983).  For species predicted by this submodel the algorithm is given by: 
 
𝑓(𝑇) = 𝑒(𝑅𝑄∙𝑇)                                                   A2.1.2 
 
Where RQ approximates the 𝑄10(the rate at which the function increases over relatively 
low water temperatures, ℃−1). T is experimental water temperature (℃). 
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The second f(T) function is a temperature optima model typically applied to cool and 
warm water fish given by: 
 
𝑓(𝑇) = 𝑉𝑋 ∙ 𝑒(𝑋∙(1−𝑉))                                             A2.1.3 
 
where: 
 𝑉 = (𝑅𝑇𝑀 − 𝑇)/(𝑅𝑇𝑀 − 𝑅𝑇𝑂)                                  A2.1.4 
𝑋 = (𝑍2 ∙ (1 + (1 +
40
𝑌
)
0.5
)
2
)/40                                A2.1.5 
𝑍 = 𝐿𝑁(𝑅𝑄) ∙ (𝑅𝑇𝑀 − 𝑅𝑇𝑂                                    A2.1.6  
𝑌 = 𝐿𝑁(𝑅𝑄) ∙ (𝑅𝑇𝑀 − 𝑅𝑇𝑂 + 2)                                A2.1.7    
 
RTM is maximum lethal water temperature (℃) for the species and RTO is the optimum 
water temperature for respiration (℃) of the species. 
 
The specific coefficients for R estimates were obtained from the Appendix files of the 
Wisconsin Fish Bioenergetics 3.0 model and are summarized in Table A2.1 below. 
 
Table A.2.1. Wisconsin Fish Bioenergetics R model parameter values applied to species 
for which R and RMR values were estimated in Chapter 2.   
 
Species f(T) Eq RQ RTM RTO 
Lake trout 
(Salvelinus 
namaycush) 
A2.1.2 0.059 0 0.0232 
Lake whitefish 
(Coregonus 
clupeaformis) 
A2.1.3 0.0548 0 0.03 
Tilapia (O.niloticus)  A2.1.3 2.3 41 37 
Redear sunfish 
(Lepomis 
A2.1.3 2.1 41 37 
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microlophus) 
Bluegill (Lepomis 
macrochirus)   
A2.1.3 2.1 41 37 
Yellow perch (Perca 
flavescens) 
A2.1.3 2.1 35 32 
Walleye 
(Stizostedion 
vitreum) 
A2.1.3 2.1 32 27 
Goldfish (Carassius 
auratus) 
A2.1.2 0.047 0 0.025 
Northern pike (Esox 
lucius) 
A2.1.2 0.055 0 0.1222 
Rainbow trout 
(Oncorhynchus 
mykiss) 
A2.1.2 0.06818 0 0.0234 
 
All parameter values obtained from Hansen et al. 1997 
 
In Chapter 2, R was converted to energy units (kJ·g-1·d-1) by multiplying R by the 
oxycalorific coefficient (DO2) given a constant value of 14.30 kJ (𝑘𝐽 ∙ 𝑔 𝑂2
−1 ∙
𝑑−1; 𝑁𝑜𝑟𝑠𝑡𝑟𝑜𝑚 𝑒𝑡 𝑎𝑙. 1976). 
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Appendix 2.2  
RMR is routine metabolic rate (𝑘𝐽 ∙ 𝑔−1 ∙ 𝑑−1) and represents the total metabolic rate of 
fish inclusive of respiration (R; see Appendix 2.1), activity (A), specific dynamic action 
(SDA) and energy excretion (U). The model is similar to that described by Drouillard et 
al. (2009), with a few changes in the algorithm based on different physiological 
parameters.  
 
RMR is calculated according to the Wisconsin Fish Bioenergetics Model according to: 
 
 𝑅𝑀𝑅 = (𝑅 · 𝐷𝑂2 · 𝐴 + 𝑆𝐷𝐴 + 𝑈)       
  2.2.1 
 
Where DO2 is the oxycalorific coefficient used to converted oxygen respired to energy 
units.  DO2 is given as a constant value of 14.30 kJ (𝑘𝐽 ∙ 𝑔−1 ∙ 𝑑−1).  All other parameters 
in Eq. 2.2.1 are in units of (g O2·g
-1·d-1) except for A which is unitless. 
 
The proportion of assimilated energy lost to specific dynamic action representing energy 
associated with protein anabolic costs  is calculated according to: 
 
𝑆𝐷𝐴 = 𝑆 ∙ (𝑅 ∙ 𝐷𝑂2)                        
2.2.2 
S is specific dynamic action, R is specific rate of respiration (𝑔·𝑔−1·𝑑
−1
).S is treated as 
a constant for each species and denoted by Table 2.2.1 
 
Excretion (U) was derived from Drouillard et al. (2009) and refers to energy excretion 
that is lost in the form of reduced nitrogen according to:  
 
𝑈 = 𝑈𝐴 ∙ 𝑇𝑈𝐵 ∙ 𝑒(𝑈𝐺∙𝑃) ∙ (𝑅 ∙ 𝐷𝑂2)                
2.2.3 
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Or for some species U is simplified to: 
 
𝑈 = 𝑈𝐴 ∙ (𝑅 ∙ 𝐷𝑂2)                           
2.2.4 
 
Different fish species utilize different values of UA, UB, UG and P as summarized by 
Table 2.2.1.  
 
Table A.2.1. Wisconsin Fish Bioenergetics SDA and U submodel parameter values 
applied to species for which RMR values were estimated in Chapter 2. 
 
 
Species U Equation S UA UB UG P 
Lake trout 
(Salvelinus 
namaycush) 
A2.2.3 0.172 0.0314 0.58 -0.299 0.631 
Lake whitefish 
(Coregonus 
clupeaformis) 
A2.2.4 0.175 0.1 N/A N/A N/A 
Tilapia 
(O.niloticus)  
A2.2.4 0.1 0.028 N/A N/A N/A 
Redear sunfish 
(Lepomis 
microlophus) 
A2.2.3 0.172 0.0253 0.58 -0.299 0.631 
Bluegill 
(Lepomis 
macrochirus)   
A2.2.3 0.172 0.0253 0.58 -0.299 0.631 
Yellow perch 
(Perca 
flavescens) 
A2.2.3 0.172 0.0253 0.58 -0.299 0.631 
Walleye 
(Stizostedion 
vitreum) 
A2.2.3 0.172 0.0253 0.58 -0.299 0.631 
Goldfish 
(Carassius 
auratus) 
A2.2.4 0.17 0.1 N/A N/A N/A 
Northern pike 
(Esox lucius) 
A2.2.4 0.14 0.07 N/A N/A N/A 
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Rainbow trout 
(Oncorhynchus 
mykiss) 
A2.2.3 0.172 0.0314 0.58 -0.299 0.631 
All parameter values obtained from Hansen et al. 1997 
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Appendix 3.1 
Pollutant Fish Species Length in cm 
and (n) 
Tested 
variables 
Statistically 
related 
variables 
Reference 
PCBs (180) Atlantic sea bream 
(Archosargus 
rhomboidalis) 
7.3 – 21.5 cm 
(36) 
Length, δ15N Length, not δ15N 1 
PCBs (180) Bluegill(Lepomis 
macrochirus), 
8.7-19.2 cm 
(22), 
Age Positive 
relationship with 
age (Bluegill: 
log Kow > 6.8) 
2 
PCBs (180) Cisco(Coregonus 
artedi) 
15.2-22.8 cm 
(30) 
Age Positive 
relationship with 
age 
2 
PCBs (180) Spotted sand bass 
(Paralabrax 
maculatofasciatus) 
21.7-35.9 cm 
(253) 
Length, BW Positive 
relationship with 
length or BW for 
PCBs 
3 
Total PCBs Arctic char 
(Salvelinus alpinus) 
N/A length Positive 
relationship with 
length 
4 
Total PCBs Brown trout(Salmo 
trutta) 
N/A (295) Species, site 
fidelity 
Higher PCBs in 
the nearshore 
waters. Species 
is a good 
predictor of 
PCBs 
concentration 
5 
Total PCBs Chinook salmon 
(Oncorhynchus 
tshawytscha) 
N/A (763) Age, Size Positive 
relationship with 
age and size 
6 
Total PCBs Chinook salmon 
(Oncorhynchus 
tshawytscha) 
N/A Length, Sex Positive 
relationship with 
length for PCBs 
 
16 
Total PCBs Chinook salmon 
(Oncorhynchus 
tshawytscha) 
888(15.52)cm Sex, 
physicochemical 
attributes 
(chlorination) 
No relationship 
with sex and 
physicochemical 
attributes 
8 
Total PCBs Chinook salmon 
(Oncorhynchus 
tshawystscha) 
62.22-72.2cm 
(683) 
Species, site 
fidelity 
Higher PCBs in 
the nearshore 
waters. Species 
is a good 
predictor of 
PCBs 
concentration 
5 
Total PCBs Common carp 
(Cyprinus carpio) 
49.5-86 cm (18) Length, age, 
total weight 
Positive 
relationship with 
length, total 
weight and age 
(PCBs 153) 
9 
Total PCBs Cod (Gadus 
morhua) 
N/A 
(Supplementary) 
Fat content, 
length 
No relationship 
with fat content, 
no relationship 
with fish length 
10 
Total PCBs Cutthroat trout 
(Oncorhynchus 
clarkii) 
24.8-42.9cm 
(N/A) 
Age, size, 
trophic position, 
lipid content 
Positive 
relationship with 
age, size and 
trophic position. 
No relationship 
with lipid 
11 
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content for PCBs 
Total PCBs Coho 
(Oncorhynchus 
kisutch) 
669(14.62)cm Sex, 
physicochemical 
attributes 
(chlorination) 
No relationship 
with sex and 
physicochemical 
attributes 
8 
Total PCBs Coho salmon 
(oncorhynchus 
kisutch) 
62.74-67.3cm 
(466) 
Species, site 
fidelity 
Higher PCBs in 
the nearshore 
waters. Species 
is a good 
predictor of 
PCBs 
concentration 
5 
Total PCBs European flounder 
(Platichthys flesus) 
12.9-33.5 cm 
(74) 
Age Negative 
relationship with 
age 
12 
Total PCBs Flounder 
(Platichthys flesus) 
N/A 
(Supplementary) 
Fat content, 
length 
No relationship 
with fat content, 
no relationship 
with fish length 
10 
Total PCBs Golden grey mullet 
(Liza aurata) 
N/A Age Positive 
relationship with 
age (L, Ramada 
only) 
13 
Total PCBs Herring (Clupea 
harengus) 
26.1-339g (17) BW, trophic 
position 
Positive 
relationship with 
BW for PCBs 
14 
Total PCBs Herring (Clupea 
harengus) 
N/A 
(Supplementary) 
Fat content, 
length 
Negative 
relationship with 
fat content in 
herring, no 
relationship with 
fish length 
10 
Total PCBs Lake trout 
(Salvelinus 
namaycush) 
N/A Length, Sex Positive 
relationship with 
length for PCBs 
 
16 
Total PCBs Lake trout 
(Salvelinus 
namaycush) 
61.85-71.88cm 
(608) 
Species, site 
fidelity 
Higher PCBs in 
the nearshore 
waters. Species 
is a good 
predictor of 
PCBs 
concentration 
5 
Total PCBs Lake whitefish 
(Coregonus 
clupeaformis) 
N/A Length, Sex No relationship 
with length for  
PCBs 
 
16 
Total PCBs Multiple species N/A Trophic position Positive 
relationship with 
age 
15 
Total PCBs Multiple species N/A Size, lipid 
content, trophic 
guild 
Positive 
relationship with 
Size, lipid 
content, trophic 
guild 
7 
Total PCBs Multiple species 12.6-365cm 
(340) 
Age, weight, 
size, lipid 
content 
Negative 
relationship with 
lipid content for 
PCBs. Positive 
relationship with 
age for PCBs. 
17 
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No relationship 
with weight and 
size for PCBs 
Total PCBs Northern pike (Esox 
lucius), 
N/A Length, Sex No relationship 
with length for  
PCBs 
 
16 
Total PCBs Northern 
pikeminnow (Esox 
Lucius ) 
23.4-45.9cm 
(N/A) 
Age, size, 
trophic position, 
lipid content 
Positive 
relationship with 
age, size and 
trophic position. 
No relationship 
with lipid 
content for PCBs 
11 
Total PCBs Perch (Perca 
fluviatilis L.) 
7-17.9cm (130) Length, Trophic 
position, 
lipophilicity 
Positive 
relationship 
between Length, 
Trophic position, 
lipophilicity 
18 
Total PCBs Perch (Perca 
fluviatilis) 
N/A Hydrophobicity Positive 
relationship with 
hydrophobicity 
19 
Total PCBs Pike (Esox Lucius) N/A Hydrophobicity Positive 
relationship with 
hydrophobicity 
19 
Total PCBs Prickly sculpin 
(Cottus asper) 
3.2-12.2cm 
(N/A) 
Age, size, 
trophic position, 
lipid content 
Positive 
relationship with 
age, size and 
trophic position. 
No relationship 
with lipid 
content for PCBs 
11 
Total PCBs Rainbow trout 
(oncorhynchus 
mykiss) 
N/A (264) Species, site 
fidelity 
Higher PCBs in 
the nearshore 
waters. Species 
is a good 
predictor of 
PCBs 
concentration 
5 
Total PCBs Roach (Rutilus 
rutilus) 
N/A Hydrophobicity Positive 
relationship with 
hydrophobicity 
19 
Total PCBs Salmon (Salmo 
salar); 
550-870g (20) BW, trophic 
position 
Positive 
relationship with 
BW for PCBs 
14 
Total PCBs Salmon (Salmo 
salar) 
N/A 
(Supplementary) 
Fat content, 
length 
Negative 
relationship with 
fat content in 
salmon, no 
relationship with 
fish length 
10 
Total PCBs Signal crayfish 
(Pacifastacus 
leniusculus) 
2.8-7.4cm (N/A) Age, size, 
trophic position, 
lipid content 
Positive 
relationship with 
age, size and 
trophic position. 
No relationship 
with lipid 
content for PCBs 
11 
Total PCBs Smallmouth bass 
(Micropterus 
dolomieui) 
37.7-46.1cm 
(N/A) 
Age, size, 
trophic position, 
lipid content 
Positive 
relationship with 
age, size and 
11 
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trophic position. 
No relationship 
with lipid 
content for PCBs 
Total PCBs Smallmouth bass 
(Micropterus 
dolomieu), 
N/A Length, Sex No relationship 
with length for  
PCBs 
 
16 
Total PCBs Sprat (Sprattus 
sprattus) 
N/A 
(Supplementary) 
Fat content, 
length 
Negative 
relationship with 
fat content in 
sprat, no 
relationship with 
fish length 
10 
Total PCBs Sprat (Sprattus 
sprattus) 
7.0-9.8g (6) BW, trophic 
position 
Positive 
relationship with 
BW for PCBs 
14 
Total PCBs Thicklip grey 
mullet(Chelon 
labrosus) 
N/A Age Positive 
relationship with 
age (L, Ramada 
only) 
13 
Total PCBs Thinlip mullet (Liza 
ramada) 
N/A Age Positive 
relationship with 
age (L, Ramada 
only) 
13 
Total PCBs Walleye (Sander 
vitreus) 
N/A Length, Sex Greater 
concentration in 
male 
 
16 
Total PCBs Yellow perch (Perca 
flavescens) 
13.6-30.4cm 
(N/A) 
Age, size, 
trophic position, 
lipid content 
Positive 
relationship with 
age, size and 
trophic position. 
No relationship 
with lipid 
content for PCBs 
11 
Total PCBs Yellow perch (Perca 
flavescens). 
N/A Length, Sex No relationship 
with length for  
PCBs 
 
16 
 
Note: Reference mentioned in Appendix 3.1: 
1=O'Connor et al. 2017  2=Burtnyk et al. 2009     3=Loflen, 2013 
4=Rigét et al. 2010     5=Lamon III et al. 1999   6=O'Neil et al. 2009 
7=Geurtz et al. 2011    8=Jackson et al. 2001    9=Pérez-Fuenteaja et al. 2010 
10=Szlinder-Richert et al. 2009  11=McIntrye, et al. 2006  12=Baptista et al. 2013 
13=Baptista et al. 2013    14=Burreau et al. 2006    15=Walters et al. 2011 
16=Blocksom et al. 2010   17=Felipe-Sotelo et al, 2008   18=Olsson et al. 2000 
19=Burreau et al. 2004 
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Appendix 3.2 
Pollutant Fish Species Length in cm 
and (n) 
Tested 
variables 
Statistically 
related variables 
Reference 
MeHg Arctic char (Salvelinus 
alpinus L.) 
N/A (>4000) Spatial pattern Different location 
has different level 
of contamination 
1 
MeHg Arctic Char (Salvelinus 
alpinus L.) 
22-110cm (173) Length, weight 
and age 
Positive 
relationship with 
length, weight 
and age 
2 
MeHg Blacknose 
(Carcharhinus 
acronotus), 
80-95.1cm (8) Size, isotopic 
niche, diet 
No relationship 
with size for 
MeHg. 
3 
MeHg Blacktip (Carcharhinus 
limbatus) 
62.5-135.6cm 
(8) 
Size, isotopic 
niche, diet 
No relationship 
with size for 
MeHg. 
3 
MeHg Bull (Carcharhinus 
leucas) 
128-140.2cm 
(7) 
Size, isotopic 
niche, diet 
No relationship 
with size for 
MeHg. 
3 
MeHg Lemon (Negaprion 
brevirostris) 
121.9-164.6cm 
(8) 
Size, isotopic 
niche, diet 
No relationship 
with size for 
MeHg. 
3 
Total Hg Arctic charr (Salvelinus 
alpinus) 
24.8-97.1cm 
(653) 
Age, weight Negative 
relationship with 
weight for Hg, 
positive 
relationship with 
age for Hg 
4 
Total Hg Albacore tuna 
(Thunnus alalunga) 
98.3+/-6.2cm 
(15) 
Size, diet and 
trophic position 
Positive 
relationship with 
size, diet and 
trophic position 
for Hg 
5 
Total Hg Axillary seabream 
(Pagellus acarne) 
8.8-29cm (24) Trophic 
position and 
median depth 
Positive 
relationship with 
trophic position 
and median depth 
6 
Total Hg Bighead carp 
(Hypophthalmichthys 
nobilis) 
26.2-102cm 
(66) 
Age, size Positive 
relationship with 
age and size for 
Hg 
7 
Total Hg Blacknose 
(Carcharhinus 
acronotus), 
80-95.1cm (8) Size, isotopic 
niche, diet 
Positive 
relationship with 
size for Hg. 
3 
Total Hg Blacktip (Carcharhinus 
limbatus) 
62.5-135.6cm 
(23) 
Size, isotopic 
niche, diet 
Positive 
relationship with 
size for Hg. 
Significant 
relationship 
between C15 and 
Hg 
3 
Total Hg Black bream 
(Acanthopagrus 
butcher) 
32-38.8cm (28) Age, length Positive 
relationship with 
age and length 
for Hg 
8 
Total Hg Blackfin tuna (thunnus 
stlanticus) 
22-87cm (48) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg Bluefish (Pomatomus 25.6-73.7cm length Positive 10 
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saltatrix) (21) relationship with 
length for Hg 
Total Hg Bluegill (Lepomis 
macrochius) 
12.3-20.8cm 
(12) 
Trophic level, 
size 
Positive 
relationship with 
trophic level and 
size. 
11 
Total Hg Blue marlin (Makaira 
nigricans) 
256-311cm (9) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg Blue Jack mackerel 
(Trachurus picturatus) 
19.5-1369.9cm 
(48) 
Trophic 
position and 
median depth 
Positive 
relationship with 
trophic position 
and median depth 
6 
Total Hg Blue tilapia 
(Oreochromis aureus). 
17.5-40.2cm 
(22) 
Trophic level, 
size 
Positive 
relationship with 
trophic level and 
size. 
11 
Total Hg Brown trout (Salmo 
trutta) 
26.2-55.4cm 
(25) 
Age, length Positive 
relationship with 
age and length 
for Hg 
8 
Total Hg Bull (Carcharhinus 
leucas) 
128-140.2cm 
(7) 
Size, isotopic 
niche, diet 
No relationship 
with size for Hg 
3 
Total Hg Carcharhinid sharks 
(Carcharhinus spp) 
15-96cm (9) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg Chinook salmon 
(Oncorhynchus 
tshawytscha) 
17.8-64.5cm 
(120) 
Trophic 
position, size 
and age 
Positive 
relationship with 
Trophic position, 
size and age 
12 
Total Hg Channel catfish 
(Ictalurus punctatus) 
21.1-59.9cm 
(87) 
Trophic level, 
size 
Positive 
relationship with 
trophic level and 
size. 
11 
Total Hg Cutthroat trout 
(Oncorhynchus clarkii) 
24.8-42.9cm 
(N/A) 
Age, size, 
trophic 
position, lipid 
content 
Positive 
relationship with 
age, size and 
trophic position. 
13 
Total Hg Common mora (Mora 
moro) 
N/A Trophic 
position and 
median depth 
Positive 
relationship with 
trophic position 
and median depth 
6 
Total Hg Cobia (Rachycentron 
canadum) 
76-142cm (17) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg Dolly Varden 
(Salvelinus malma) 
N/A Length, Sex No relationship 
with length for  
Hg 
 
14 
Total Hg Dolphinfish 
(Coryphaena hippurus) 
38-135cm (57) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg Dolphinfish 78.4+/-15.9cm Size, diet and Positive 5 
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(Coryphaena hippurus) (39) trophic position relationship with 
size, diet and 
trophic position 
for Hg 
Total Hg European conger 
(Conger conger) 
248.6-
23034.4cm (39) 
Trophic 
position and 
median depth 
Positive 
relationship with 
trophic position 
and median depth 
6 
Total Hg Forkbeard (Phycis 
phycis) 
124.9-
3664.6cm (56) 
Trophic 
position and 
median depth 
Positive 
relationship with 
trophic position 
and median depth 
6 
Total Hg Goosefish (Lophius 
americanus) 
7.5-81.8cm (36) length Positive 
relationship with 
length for Hg 
10 
Total Hg Greater fork-beard 
(Phycis blennoides) 
N/A Trophic 
position and 
median depth 
Positive 
relationship with 
trophic position 
and median depth 
6 
Total Hg Greater amberjack 
(Seriola dumerili) 
69-112cm (44) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg King mackerel 
(Scomberomorus 
cavalla) 
64-104cm (39) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg Lemon (Negaprion 
brevirostris) 
121.9-164.6cm 
(8) 
Size, isotopic 
niche, diet 
No relationship 
with size for Hg 
3 
Total Hg Lake whitefish 
(Coregonus 
clupeaformis) 
N/A Age, length and 
trophic feeding 
Positive 
relationship with 
age, length and 
trophic feeding 
15 
Total Hg Lake whitefish 
(Coregonus 
clupeaformis) 
11.9-37cm 
(122) 
Age, size, 
stable nitrogen 
isotopes 
Positive 
relationship with 
age,  length and 
trophic position 
for Hg 
16 
Total Hg Lake trout (Salvelinus 
namaycush) 
27.7-68.3cm 
(150) 
Trophic 
position, size 
and age 
Positive 
relationship with 
trophic position 
and size. No 
relationship with 
age 
17 
Total Hg Lake trout (Salvelinus 
namaycush) 
17.1-25.7cm 
(337) 
Age, diet, 
maturity state 
No relationship 
with maturity 
state. Positive 
relationship with 
age(altered by 
diet) for Hg. 
18 
Total Hg Lake trout (Salvelinus 
namaycush) 
N/A Age, length and 
trophic feeding 
Positive 
relationship with 
age, length and 
trophic feeding 
15 
Total Hg Lake trout (Salvelinus 
namaycush) 
15-66cm (29) Age Positive 
relationship with 
age 
19 
Total Hg Largemouth bass 
(Micropterus 
22.5-49.3cm 
(79) 
Trophic level, 
size 
Positive 
relationship with 
11 
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salmoides) trophic level and 
size. 
Total Hg Little tunny (Euthynnus 
alletteratus) 
52-66cm (9) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg Northern pike (Esox 
Lucius) 
53.8-88cm (15) Length, trophic 
position 
Positive 
relationship with 
length and 
trophic position 
for Hg 
20 
Total Hg Northern pike (Esox 
lucius) 
N/A Age, length and 
trophic feeding 
Positive 
relationship with 
age, length and 
trophic feeding 
15 
Total Hg Northern pike (Esox 
lucius), 
1-10cm (138) Age, trophic 
position and 
length 
Positive 
relationship 
between Age, 
trophic position 
and length 
21 
Total Hg Northern pikeminnow 
(Esox Lucius ) 
23.4-45.9cm 
(N/A) 
Age, size, 
trophic 
position, lipid 
content 
Positive 
relationship with 
age, size and 
trophic position. 
13 
Total Hg Perch (Perca 
fluviatilis) 
21.7-35.9 cm 
(253) 
Length, BW No relationship to 
BW or Length 
22 
Total Hg Prickly sculpin (Cottus 
asper) 
3.2-12.2cm 
(N/A) 
Age, size, 
trophic 
position, lipid 
content 
Positive 
relationship with 
age, size and 
trophic position. 
13 
Total Hg Sand flathead 
(Platycephalus 
bassensis) 
18.6-40.6cm 
(150) 
Age, length Positive 
relationship with 
age and length 
for Hg 
8 
Total Hg Shortfin mako shark 
(Isurus oxyrinchus) 
199.5+/-23cm 
(32) 
Size, diet and 
trophic position 
Positive 
relationship with 
size, diet and 
trophic position 
for Hg 
5 
Total Hg Silver hake 
(Merluccius bilinearis) 
12.9-48.4cm 
(24) 
length Positive 
relationship with 
length for Hg 
10 
Total Hg Silver scabbard fish 
(Lepidopus caudatus) 
213.5-
3498.9cm (55) 
Trophic 
position and 
median depth 
Positive 
relationship with 
trophic position 
and median depth 
6 
Total Hg Silver carp 
(Hypophthalmichthys 
molitrix) 
10.7-56.4cm 
(53) 
Age, size Positive 
relationship with 
age and size for 
Hg 
7 
Total Hg Signal crayfish 
(Pacifastacus 
leniusculus) 
2.8-7.4cm 
(N/A) 
Age, size, 
trophic 
position, lipid 
content 
Positive 
relationship with 
age, size and 
trophic position. 
13 
Total Hg Smallmouth bass 
(Micropterus 
dolomieui) 
37.7-46.1cm 
(N/A) 
Age, size, 
trophic 
position, lipid 
content 
Positive 
relationship with 
age, size and 
trophic position. 
13 
Total Hg Smallmouth bass 
(Micropterus 
N/A Length, Sex Positive 
relationship with 
14 
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dolomieu), length for Hg 
 
Total Hg Spotted sand bass 
(Paralabrax 
maculatofasciatus) 
69-83.8cm (15) Length, trophic 
position 
Positive 
relationship with 
length and 
trophic position 
for Hg 
20 
Total Hg Striped bass (Morone 
saxitilis) 
21-58.6cm 
(139) 
Trophic level, 
size 
Positive 
relationship with 
trophic level and 
size. 
11 
Total Hg Striped bass (Morone 
saxatilis) 
N/A Length, Sex Greater 
concentration in 
male 
 
14 
Total Hg Striped bass (Morone 
saxatilis) 
14-14.4cm 
(562) 
Trophic 
position 
Positive 
relationship with 
trophic position 
for Hg 
23 
Total Hg Striped bass (Morone 
saxatilis) 
68.8-124cm 
(178) 
Size, length Positive 
relationship with 
size and length 
24 
Total Hg Summer flounder 
(Paralichthys dentatus) 
28-75cm  (34) length Positive 
relationship with 
length for Hg 
10 
Total Hg Summer flounder 
(Paralichthys dentatus) 
N/A Length, Sex No relationship 
with length for  
Hg 
 
14 
Total Hg Tautog (Tautoga onitis) 11.9-56.5cm 
(115) 
Age, size, 
stable nitrogen 
isotopes 
Positive 
relationship with 
age,  length and 
trophic position 
for Hg 
16 
Total Hg Thresher shark 
(Alopias vulpinus) 
205.6+/-23.6cm 
(41) 
Size, diet and 
trophic position 
Positive 
relationship with 
size, diet and 
trophic position 
for Hg 
5 
Total Hg Wahoo 
(Acanthocybium 
solandri) 
103-175cm (52) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg Walleye (Stizostedion 
vitreum) 
N/A Age, length and 
trophic feeding 
Positive 
relationship with 
age, length and 
trophic feeding 
15 
Total Hg Walleye (Sander 
vitreus) 
N/A Length, Sex Positive 
relationship with 
length for Hg 
 
14 
Total Hg Winter flounder 
(Pseudopleuronectes 
americanus) 
N/A Length, Sex No relationship 
with length for  
Hg 
 
14 
Total Hg Wreckfish (Polyprion 
americanus) 
2799-
17731.7cm (14) 
Trophic 
position and 
median depth 
Positive 
relationship with 
trophic position 
and median depth 
6 
Total Hg Yellowfin tuna 101.7+/-14.8cm Size, diet and Positive 5 
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(Thunnus albacares) (47) trophic position relationship with 
size, diet and 
trophic position 
for Hg 
Total Hg Yellow perch (Perca 
flavescens) 
13.6-30.4cm 
(N/A) 
Age, size, 
trophic 
position, lipid 
content 
Positive 
relationship with 
age, size and 
trophic position. 
13 
Total Hg Yellow perch (Perca 
flavescens) 
5-27cm (41) Trophic level Positive 
relationship with 
trophic level for 
Hg 
25 
Total Hg Yellow-eye mullet 
(Aldrichetta forsteri) 
22.6-35.7cm 
(27) 
Age, length Positive 
relationship with 
age and length 
for Hg 
8 
Total Hg Yellowfin tuna 
(Thunnus albacares) 
54-159cm (103) Size, trophic 
position 
Positive 
relationship with 
size or/and 
weight as well as 
trophic position 
9 
Total Hg Yellow perch (Perca 
flavescens). 
N/A Length, Sex No relationship 
with length for  
Hg 
 
14 
Total Hg Yellow perch (Perca 
flavescens) 
27.2-58.8cm 
(246) 
Size, age, 
N15&C13 
Positive 
relationship with 
size and age for 
Hg. Trophic level 
(N15) 
hascrelationship 
with Hg. 
26 
 
Note: Reference mentioned in Appendix 3.2: 
1=Melwani et al. 2009           2=Glass et al. 2001            3=Matulik et al. 2017 
4=Sandheinrich et al. 2016     5=Teffer et al. 2014          6=Magallhães et al. 2007 
7=Piraino et al. 2009            8=Verdouw et al. 2011        9=Cai et al. 2007 
10=Staudinger et al. 2011      11=Cizdziel et al. 2002          12=Muir et al. 2005 
13=McIntrye, et al. 2006        14=Geurtz et al. 2011            15=Evens et al. 2005 
16=Payne et al. 2010            17=Gantner et al. 2009            18=Van der Velden et al. 2012 
19=Gutenmann et al. 1992    20=Rogowski et al. 2009        21=Gantner et al. 2010 
22=Loflen, 2013                    23=Braaten et al. 2014           24=Gochfeld et al. 2012 
25=Kraemer et al. 2012         26=Tran et al. 2015 
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